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Abstract
The history of medical imaging has centered on finding correlations between contrast in an
image and diagnosis of a disease, but there is a shift in medical imaging from contrast towards
quantitative measurements as disease biomarkers. Magnetic resonance elastography (MRE)
is a non-invasive imaging technique created, and being developed, based on modeling of
mechanical properties of biological tissue. For example, the combination of state-of-the-art
MR imaging and finite element based nonlinear inversion (NLI) for estimation of viscoelastic
material properties have shown NLI-MRE’s impressive ability to capture subtle correlations
between memory performance and stiffness in grey matter regions. These discoveries are
made possible by the rapid and extensive development of the underlying methods for the
MR displacement imaging and the mechanical property estimation within the last few years.
Within the MRE field, there are a number of open questions about the true in vivo mate-
rial property values and how inaccurate current MRE methods are from actual values. The
work in this dissertation attempts to address these fundamental questions through a compre-
hensive study of estimation parameters for NLI, optimizing for un-biased parameters, and
proposing quality metrics for evaluating the confidence of final estimates. Additionally, the
issue of model-data-mismatch for the isotropic material model assumption when reconstruct-
ing anisotropic tissue was investigated by subjecting the in vivo tissue to distinctly different
excitation patterns, which elucidated the necessity of incorporating an anisotropic material
model into NLI. Finally, the improvements in inversion techniques and new multi-excitation
experiments were implemented in an in vivo study of aged human subjects to investigate
how age affects anisotropic properties of the brain. MRE shows promise for being more sen-
ii
sitive to the normal effects of aging than the more widely utilized MR imaging techniques,
specifically diffusion tensor imaging (DTI). Since DTI models the diffusion of free water in
the tissue and MRE models material properties, MRE and DTI will likely be incorporated
for a more comprehensive description than either alone. Thorough characterization of the
MRE processes and improvements in methods will benefit future opportunities for applying
MRE in the new frontier of quantitative imaging.
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1.1 Background and Significance
Mechanical Properties as Biomarkers In medical practice, palpation is a technique
physicians use on a daily basis when assessing the physical health of a patient as a potential
indicator of disease, known as “biomarkers” [1]. The most widely accepted definition of a
“biomarker” is “a characteristic that is objectively measured and evaluated as an indicator
of normal biological processes, pathogenic processes, or pharmacologic responses to a ther-
apeutic intervention” [1,2]. Biomarkers are not the root cause of the ailment or disease but
rather an observable signal from the disease. Not coincidentally, the goal when inventing
and developing magnetic resonance elastography (MRE) by physicians and researchers at
Mayo Clinic was to quantify and identify clinically useful biomarkers [3, 4]. The seemingly
simple but pioneering work of a controlled external palpation to quantify the stiffness of
a patient’s tissue has gone on to become a clinical standard for staging some important
hepatic diseases. For example, non-alcoholic fatty liver disease (NAFLD) causes excess fat
deposits at the cellular level, which in turn changes the macroscale stiffness of the tissue [5].
Hepatic MRE replaced focal invasive biopsies with spatial maps and opened a larger area
of research into mechanical biomarkers in other organs as a promising sensitive and specific
diagnostic technique. For example, MRE has the capability to capture a number of diseases
affecting the microstructure of the human brain, including: multiple sclerosis, normal- and
low-pressure hydrocephalus, Alzheimers disease, and cancer [6–12].
In an organ like the human brain, the composition and behavior of the tissue is more
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complex than the liver due to its hierarchical microstructure and heterogeneous mechanical,
chemical, and electrical characteristics of the cellular constituents. Comprising 50% of the
brain, the highly-ordered white matter (WM) regions are composed of myelinated axons em-
bedded in a support matrix of glial cells (oligodendrocytes and astrocytes) and extracellular
space (macromolecules and interstitial fluid). For MRE to probe the brain WM, one has
to interpret the MRE metrics in terms of the interaction between axons and glial matrix as
well as their intrinsic properties. The macroscopic effective properties of the tissue, on the
voxel-size length scale available to MRE, are then influenced by the integrity of the axons
(e.g. demyelination or inflammation) and the mechanical connection and intrinsic properties
of the supporting cells. The challenge in MRE, if one hopes to discern subtle differences from
neurodegenerative diseases, is contingent on both improved MR imaging, higher resolution
and signal-to-noise ratio (SNR), and accurate and reliable material property reconstructions
from the nonlinear inversion (NLI) estimation.
Aims of Proposed Research Many studies have shown NLI-MRE mechanical properties
of the brain are sensitive to subtle differences in healthy individuals’ sub-cortical grey mat-
ter [13], performance on memory tasks [14,15], fitness intervention in subjects with Multiple
Sclerosis (MS) [16] and in diseases, including: hydrocephalus, epilepsy, and tumors [8]. All
of the aforementioned stiffness biomarkers were made possible through increased coverage
and spatial resolution of MR imaging, and development of more robust and accurate mate-
rial property estimation algorithms. The greatest opportunity for utilizing higher-resolution
MRE imaging will come from characterizing the tissue’s response to external stimulation
and material models well matched to the underlying microstructure of the human brain. Al-
though there are groups implementing anisotropic models ranging from transversely isotropic
models [17–21] to fully orthotropic [22,23], all of them rely on significant modeling assump-
tions, smoothing of displacement fields, and/or directional filtering of displacement fields to
simplify the analysis. The overarching aim of this research project is to take advantage of
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the proven finite-element heterogeneous, isotropic nonlinear inversion (NLI) to probe healthy
aging while looking for opportunities for improved understanding of the algorithm’s behavior
with a view towards areas for possible improvement.
This project is driven by two aims. First, improving the overall accuracy and reliability
of the NLI-MRE framework through a systematic characterization of the effects of inversion
parameters on reconstructed material properties. We seek to develop convergence thresholds
for ensuring the quality of final statistics. Additionally, a multi-excitation MRE experiment
on a healthy subject has shown the potential cost of missing the complex material behavior
and the opportunity for anisotropic models to capture new biomarkers. Second, we explore
the behavior of NLI derived MRE metrics by employing two excitation directions under
the hypothesis that the brain is described by a transversely isotropic model. The isotropic
NLI-MRE framework has shown the ability to capture subtle differences in healthy humans,
so we apply this approach to identify differences between young and old in healthy human
brains. Taken together, these aims will help characterize the mechanical properties of the
brain in a robust, repeatable, and quantitative way by systematic quantification of sources
of error towards improved sensitivity and specificity, while decreasing overall experimental
variance.
1.1.1 Material Property Reconstruction
Each of the individual displacement fields from MRE imaging were reconstructed into full
brain material property maps using, as mentioned above, the finite element based nonlinear
inversion algorithm (NLI) [24–27]. NLI is based on an a priori model for mechanical tissue
behavior, which in this case is a heterogeneous, isotropic, viscoelastic material model. This
is governed by Navier’s equation of the form





where ũ is the 3D displacement field, λ and µ are Lamé’s material constants, ρ is the density,
and ∇ is the gradient operator. Given the tissue under investigation is highly-saturated, the
density is assumed to be imperceptibly near water to fix the value at 1000 kg/m3, and the
Poisson’s ratio is assumed to be very close to 0.5, with a value of lambda chosen for reasonable
stability at λ = 1.6489× 106 Pa [28]. The complex displacement field is assumed to be at a
steady-state of the form ũ(x, y, z, t) = u(x, y, z) exp(iωt) (where u(x, y, z) is complex), and
the governing equation, Eq. (1.1), then simplifies to
∇ · (µ(∇u +∇uT )) +∇(λ∇ · u) = −ρω2u. (1.2)
For the nearly incompressible problem where ∇·u→ 0 and λ→∞ the second term on LHS
becomes singular. The problem becomes numerically unstable due to λ  µ. A remedy is
to introduce pressure (p) as a Lagrange multiplier and the system of equations becomes

∇ · µ∇u+∇ (µ∇ · u− p) = −ω2ρu in Ω,
K tr(ε) = −p in Ω,
u = u0 on Γu,
n · σE = f0 on Γσ
(1.3)
where Ω is the entire region and Γ is the boundary of the region. NLI employs a finite element
spatial discretization to compute an expected displacement field (uc) from an estimate of
the material properties (θ = [G′, G′′]). This is then compared to the measured displacement
field (um), and the material property estimation is iteratively updated in order to minimize






Figure 1.1: Schematic of the subzone (Ωz, light grey) as a subset of the entire domain with
Dirichlet boundary conditions (Γz) from the measured displacement field.
where the summation is over the physical domain of interest, Ω. To reduce the overall
computational costs, minimization of Eq. (1.4) is reformatted in parallel as sub-domains,
known as “subzones”, of the full physical domain, Ω, shown schematically in Figure 1.1.
As noted above, the NLI algorithm estimates the shear modulus (µ, complex number)
with two of the assumptions being fixed: density (1000 kg/m3) and lambda modulus (λ =
1.6489× 106 Pa). The density is commonly left to be at or near water because the tissue is
well hydrated, a major reason MRI is so applicable, and any deviation away is not discernible.
Comparing the shear and bulk moduli can be understood by looking at the two waves present

















where f is the frequency of applied excitation. For tissue, the longitudinal wavelength will be
much, much longer than the shear wavelength. Relative to the domain of the human brain,
the width/length of the brain is about 2−3×Ls whereas the longitudinal wave is about 25×
longer. There is some evidence it is still worth the effort of reconstructing the complex bulk
modulus as a way to account for the compressive damping of the system, not just viscoelastic
damping [26,29]. The NLI framework does have the capability to assume both µ and λ are
unknown, and it will reconstruct material maps for each, real- or complex-valued.
Subzone Decomposition of Domain
The decomposition of the full brain estimation problem into smaller, more tractable prob-
lems started out as a practical computational necessity given the hardware but had the
side benefit of reducing the dependence on, inherently noisy, MR measured displacement
data [24]. The number of nodes within a typical human brain subject, assuming 2 mm
isotropic voxel resolution, is on the order of 200, 000 nodes. Although there have been signif-
icant computational hardware advances in the last fifteen years, the forward finite element
problem on this scale is still quite large, in terms of memory and computation time. Cur-
rent high performance computing (HPC) systems are capable of computing a full-domain
finite element (FE) forward solution (on the order of 1-2 days on state-of-the-art HPC);
however, the NLI algorithms require forward and adjoint calculations to be run hundreds
of times before convergence is reached. The decomposition of the full problem into small
sub-problems, or “subzones,” comes with the benefit of decreased dependence on measured
data for two reasons, compared with other estimation methods for MRE: the forward finite
element calculation only uses the measured displacement for Dirichlet boundary conditions,
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and the cost function, Eq. 1.4, indirectly influences new property estimates. In contrast,
direct algebraic methods, common in the field of MRE, use all of the measured displace-
ment fields directly in estimating the material properties, thus these methods are directly
dependent on high-quality measured data. The methods either require computing the curl
of the field (i.e. remove divergence), which amplifies the noise, and/or heavily filtering the
data from any source of noise, which smooths property maps.
The major assumption underlying the method of domain decomposition is the sum of

















where Q is the set of subzones and φz is the cost function error. The result of the recon-
struction is a spatial map of the complex shear modulus µ.
Conjugate Gradient Estimation
All of the material property estimation occurs at the subzone-level and the estimator frame-
work has the flexibility to use one or a combination of methods. NLI initially used the
Gauss-Newton method (GN) and has since incorporated nonlinear conjugate gradient (CG)
and quasi-Newton (QN) methods. See the Tan et al. overview and evaluation of the mate-
rial models (viscoelastic and poroelastic) and estimation methods available within the NLI
framework for full details [30]. For background to work here, the CG method is the estimator
chosen in this work, and for most NLI-MRE studies, because it has a super-linear conver-
gence rate and relatively low memory requirement compared with the other methods. The
nonlinear CG method is based on the steepest descent method and differs from the stan-
dard, linear CG method because the cost function, Eq. (1.4), is nonlinearly dependent on the
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Figure 1.2: Flowchart of the NLI process: Step 1. use displacement field and parameters to
setup NLI; Step 2. creates subzones from the full domain; Step 3. perform CG iterations for
updating the material estimates; Step 4. combine all the estimates from the subzones back
into the full domain; the process is repeated (global iteration) until convergence is reached.
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from the line search along the direction of steepest descent (p):
pk = −gk + βkpk−1 (1.8)
where gk is the gradient vector and βk is the Polak-Ribère formula. The gradient vector
(gk) is calculated by taking the derivative of the cost function with respect to the material
properties (θ). Historically, the number of CG iterations starts with only one (1) per global
iteration for the first ten (10) and then increases to two (2) CG iterations per global iteration.
Chapter 2 is an investigation into the sensitivity of NLI parameters, including the optimal
number of CG iterations. Admittedly, this is a very small number of CG iterations, but the
regular re-subzone of the domain, at each global iteration, acts as a regularization against
the ill effects of subzone-specific solutions.
1.1.2 Viscoelastic Material Properties & Derived Measures
Viscoelastic materials are inherently frequency dependent and this behavior is captured in
the shear modulus via real and imaginary parts:
µ(f) = G∗(f) = G′(f) + iG′′(f), (1.9)
where G′ and G′′ are known as the storage and loss modulus, respectively. The temporal
dependence means viscoelastic materials are known to exhibit both creep and relaxation with
respect to duration of applied load and frequency of applied excitation. Although some MRE
researchers incorporate frequency as a parameter into their material estimations models [32–
34] and even within NLI [35], the majority of development in clinical liver applications and
brain research uses a single frequency. Using only one frequency decreases the total amount
of imaging down to approximately ten minutes, which has allowed it to be incorporated
into research and translational clinical studies more easily. Repeated experiments of single
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frequency NLI-MRE have shown repeatability of material property estimates (G′, G′′, and
derived quantities) under 10% across brain regions [36, 37]. Additionally, single frequency
NLI-MRE has proven it’s sensitivity across normal populations, diseases, and interventions
[13–16, 38–41]. Equation (1.9) reduces to a single frequency of 50 Hz (assumed throughout
this work):
µ(f = 50 Hz) = µ = G′ + iG′′. (1.10)
The choice of applied excitation at 50 Hz is based on compromise between patient discomfort
at low frequencies (∼25 Hz) and strong amplitude attenuation in soft tissue for frequencies
approaching 100 Hz. The choice is not entirely quantified but there is currently no evidence,
at for least single-frequency MRE, to deviate from the chosen value.
Using the real and imaginary parts of the shear modulus, there are two computed param-
















For the case where the density (ρ) is strictly real-valued (assumed throughout work), the
















where E represents the elastic modulus. For reference, the loss tangent for the harmonic
loading of a linear viscoelastic material like human tissue is ∼ 0.6, and corresponds to the
phase shift of the stress experienced by the material lagging the applied strain [42]. This
produces an elliptical loading diagram known as a Lissajous figure with positive slope and
loss tangent determines the ellipticity. The (dynamic) shear stiffness (µstiff ) is a common
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term which relates to the wave speed in an attenuating material (ρ = 1000 kg/m3) [4, 43].
1.2 Applicability of MRE for Human Brain
1.2.1 Mechanics of the Brain
The biological response of single cells can alter the mechanical properties and result in
macroscopic changes “visible” to a range of quantitative imaging techniques ranging in scale
from single cells using optical coherence tomography (OCT), thin tissue sections using ul-
trasound elastography (UE), and full organs using magnetic resonance elastography (MRE).
All of the imaging techniques share the common attributes of being non-invasive, quantita-
tive, and typically, use either a viscoelastic or poroelastic model. Each of the attributes are
important for capturing both normal function and disease-causing dysfunction. The appli-
cability of each is dependent on the tissue of interest and the physiological process under
observation. For characterizing the human brain, of interest to this work, MR imaging is
uniquely suited because the brain is inaccessible due to the skull and MR imaging has the
technical advantage of volumetric information.
1.2.2 Stiffness Biomarkers
The human brain is one of the softest tissues in the human body and the most biologically
sensitive to both external and internal stimuli. Complex tissue properties and the wide
range of potential pathologies makes the brain of interest to both the scientific and medical
communities. Basic science is interested in the mechanical biomarkers associated with a
range of cellular processes from normal development, repair, and variation up through specific
disease effects [44]. These differences may remain cellular and diffuse (e.g. normal aging) to
more collective behavior of large scale phenomenon (e.g. tumors) [45–47], or acute traumatic
damage [48, 49]. The mechanical properties of single cells are governed by its function as
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well as affected by its environment [50–56]. There is a large body of evidence to suggest
the brain’s white matter becomes more anisotropic in structure with age until about 30-35
years old, then declines with age [57–60]. The anisotropy has been hypothesized to come
from continual neurogenesis starting at birth through adolescence and into adulthood which
all help to promote tissue health [61]; however, the newest research suggests there is little
evidence for neurogenesis beyond the first year of life [62]. Clearly there is a need for
improvements in measuring this phenomenon, especially in vivo, with known sensitivity to
important cellular properties.
Beyond the neuronal-level differences, there are more prescient issues related to overall
variation within a subject, within a group, and across the progression of a disease. For exam-
ple, since brain tissue is soft, it is inherently susceptible to global pressure changes causing
more or less compression, be it from normal variation of intracranial pressure (ICP) [63] or
a disease like hydrocephalus [64]. A pressure applied to the tissue is known to cause the
soft tissue to appear stiffer than the uncompressed state, known as “strain-stiffening” [65].
Looking to use this artifact as a biomarker, MRE applied to an animal model shows poten-
tial as a surrogate to measuring ICP non-invasively, which is currently either not possible or
extremely invasive [63]. Applying artificial compression, potentially via the Valsalva maneu-
ver, may even be able to elucidate an otherwise missed biomarker where glioma cells become
more stiff under compression than neighboring normal tissue [55,66]. MRE inversion meth-
ods are being developed and tuned to capture pressure changes as a biomarker [67]. How
sensitive MRE is to pressure and other normal physiological variation (e.g. blood pressure,
circadian rhythm, hydration) remains an open question.
Excitation Transmission and Propagation
Although elastographic imaging techniques can claim a certain capability at “in vivo rheom-
etry,” each technique has factors providing more information than bench top rheometers but
also inherent practical issues hindering its performance. For MRE, the application of an
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external shear source and its transmission through brain tissue affects the measurement and
material modeling [68–70]. More specifically for the human brain, the excitation is applied
to the skull and relies on the efficient transmission of shear energy from the skull through
layers of meninges to the brain tissue. A study by Badachhape et al. used accelerometers
with the MRE experiment and found the shear wave “significantly attenuates and delays
transmission of motion from skull to brain” [71]. Integrity of the meninges is critical to en-
suring sufficient applied strain and thus a successful MRE experiment. Once the shear wave
has entered the brain, it must travel through a highly heterogeneous tissue with discontinu-
ities and, for WM, high degrees of anisotropy. In the human brain, heterogeneity arises from
the structure (i.e. overall shape, folds, distinct hemispheres), fluid and solid components,
distinct regions, and grey and white matter. The WM is of particular importance because
well-ordered anisotropic materials affect the direction and polarization of the wave, known
as waveguiding. Waveguiding is important for understanding damage associated with trau-
matic brain injuries (TBI), and it has been leveraged as a way to characterize tissue material
properties in MRE [20–23,72–74].
1.3 Overview of Dissertation
Our group and collaborators have shown, using NLI-MRE, the mechanical properties of the
brain are sensitive to performance differences on memory tasks in healthy individuals [14]
and subtle differences in subcortical grey matter [13,15,75], and in diseases, including: hydro-
cephalus, epilepsy, and cancer [8]. All of the aforementioned stiffness biomarkers have been
able to be captured because of increased coverage and spatial resolution of MR imaging, and
improvements in modeling and algorithmic development within NLI. The work presented
here furthers the specificity and sensitivity of the NLI-MRE process through the following
areas: characterization of NLI parameters on material property estimates, develop conver-
gence criteria for iterative MRE estimations, understand NLI’s interpretation of anisotropic
13
white matter properties, and capture material property changes in the human brain by
performing a cross-sectional in vivo study involving two cohorts, young and old adults.
NLI Parameter Study The “standard” set of parameters used in NLI has been quanti-
tative and empirically determined over multiple studies [13,14,27,37,38], but there has not
been a rigorous study characterizing repeatability and accuracy for a wide range of parame-
ters. This study focuses on the two parameters expected to dominate the overall behavior of
the inversion: size of subzones and number of CG iterations used to update material prop-
erties at the subzone level. This, primarily computational, study utilized a heterogeneous,
isotropic agar phantom and eight repeated MRE experiments on a single subject. The out-
comes of this work are to quantify the effect of parameter choice on reconstructed material
properties towards “gold standard” parameters for future studies, which could be tuned to
the tissue of interest (i.e. physical phantoms, animal models, or human brains).
Convergence Criteria Given the matrix of parameters, CG iterations and subzone sizes,
in the previous section, it is important and necessary to define convergence criteria for the
point-wise material property estimations. Two convergence criteria are proposed: (i) percent
variation with global iteration relative to the mean and (ii) stiffness variation threshold with
global iteration. Iteration-based criteria for material estimation convergence will provide a
metric for future NLI studies by setting a priori thresholds for NLI reconstructions. The
outcomes from this work will directly affect the quality of subsequent work proposed here
and other studies utilizing iterative estimations, not just NLI-MRE.
Multi-Excitation MRE The goal of this work is to capture the effect of the isotropic
material model assumption when reconstructing anisotropic tissue under distinctly different
external excitations. In order to determine the level of potential discrepancy of an isotropic
material estimation within highly anisotropic materials it was necessary to create an ex-
periment where shear strain illuminates the different characteristics of the material. Since
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it is not possible to control the shear strain within regions of the human brain, the multi-
excitation experiment was created to achieve as close to perpendicular shear as possible by
using two passive drivers on the subject’s head: one at the posterior of the head and one
on the left side. The multi-excitation experiments have shown the isotropic estimation was
able to capture anisotropic differences and points to potential benefits of using an anisotropic
model to accurately identify anisotropic biomarkers. The multi-excitation experimental data
will be used as a guide for future development of anisotropic material model reconstructions
and the experimental design will be implemented in the aged human study.
Aging of the Human Brain The NLI-MRE framework has shown the capability to probe
both neurodegenerative disease and identify subtle differences within healthy human brains.
The goal of running MRE experiments on aged human subjects is to capture macroscopic
anisotropic effects of aging, previously observed using diffusion tensor imaging (DTI), which
might provide new insight into how the components of tissue microstructure change with age.
DTI is a method for measuring the restricted diffusion and correlates with the structural
organization of the tissue. Although DTI and MRE imaging techniques both interrogate
mechanical structure of the tissue, the ultimate goal for MRE is to identify biomarkers not
previously elucidated with DTI. Previous MRE studies have investigated whole brain and re-
gional effects of aging on the human brain with trends in some regions decreasing in stiffness
by approximately 1% per year [?,76–78]. The softening is hypothesized to come from general
degradation of neurons and supporting cells (e.g. glial, oligodendrocytes, astrocytes). Addi-
tionally, this study considers an area not previously addressed in MRE studies, specifically





A number of studies using magnetic resonance elastography (MRE) have shown both the
sensitivity and specificity for detecting group differences and subtle changes in the human
brain [13–16, 38–41]. Improvements in MR imaging techniques have improved both the
signal-to-noise ratio (SNR) and the resolution of measured displacement fields [36, 38, 79].
Previous studies of nonlinear inversion (NLI) have looked at the dependence of the NLI
parameters on final material reconstructions but have mostly been limited to a tight param-
eter range and only within simulations and phantoms [80–82]. One study of NLI has looked
across simulation, phantoms, and in vivo but was only interested in mesh resolution [27].
The parameters under investigation in this study were guided by the previous studies, but
the range of parameters was more physically relevant and includes analytical, simulation,
phantom, and in vivo human brain experiments. The construction of the phantom is similar
to previous studies, a helpful comparison, but the in vivo experiments provide the critical
extension to previous work necessary for understanding parameter affects on elastograms
and statistics.
The algorithm of NLI takes MR displacements as input, computes a finite element forward
solution, and an iterative optimization estimates tissue material properties. Each of these
three areas could, and should, have entire studies devoted to their effects on the final material
property estimations. Since the imaging is state-of-the-art, this study assumes the input
displacements are as good as possible and the material formulation, heterogeneous isotropic
viscoelasticity, is the most appropriate for the materials and tissues of interest. This study
looks to improve the dominant usage of NLI for MRE studies by using the most common
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formulation of the algorithm, nonlinear conjugate gradient (CG), and identifying the most
sensitive parameters.
The distinguishing features and benefits of NLI for MRE include an iterative estimator, a
heterogeneous material formulation, and the decomposition of the full problem into overlap-
ping smaller domains (“subzones”). The subzone formulation makes a large finite element
problem more tractable computationally and reduces the direct dependence of estimation on
measured displacement fields. Since the initial implementation, advances in computational
hardware have allowed for a wider study to investigate the impacts of subzone size on the
reconstruction process, not previously afforded [82]. Aside from their role in parallelizing the
computational task of reconstruction, the subzone decomposition process has the important
benefit of allowing a distribution of measured displacement points within the imaging do-
main for Dirichlet boundary conditions (BC) used to drive the forward finite element (FE)
problem underlying the reconstruction process. Additionally, NLI assumes a continuous do-
main and smaller domains allow greater flexibility to handle model-data mismatch. The size
of the subzone, however, has the drawback of introducing a length scale into the problem
which is not inherently part of the domain. The goal of this portion of the study was to find
a subzone size which minimizes its effect on the material estimations.
NLI has implemented three different optimization algorithms for material estimation:
Gauss-Newton (GN), nonlinear conjugate gradient (CG), and quasi-Newton (QN) [30]. It-
erations are computed at the subzone-level, with only a limited number of CG iterations
possible before solutions become unstable or begin optimizing for subzone-specific proper-
ties. Additionally, the convergence of the estimation is highly dependent on the collective
reduction of error across all subzones. The goal of optimizing the CG iteration structure
will be to reduce the overall error without making it dependent on the specific subzone. The
goal of this portion of the study was to determine the iteration structure which improves
accuracy in the most computationally efficient manner.
Although a long list of parameters and experiments could be proposed, the most influential
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parts of the NLI process, based on empirical and quantitative information, are expected to be
the decomposition of the full problem into subzones and the estimation iteration structure at
the subzone-level. This chapter finishes with some suggestions for future studies based on the
expected next highest-order of importance. The dependence of property estimations on the
parameters is not unique to NLI nor MRE and all measurement techniques are engineering
problems under continual improvement [83].
2.1 Methods
The goal of this work is to formalize the NLI-MRE parameters and process to produce both
the most accurate and reliable estimates. The experiments are designed to provide the data
for the three most common experiments: “in silico” analytical solutions, physical heteroge-
neous phantoms, and in vivo human brain. Analytical solutions allow the investigation of
singular phenomena, phantoms are the simplest physical experiment, and in vivo imaging is
the full capabilities and limitations are tested. Fortunately for this study, the MRI displace-
ment acquisition for in vivo experiments is state-of-the-art with the highest SNR-efficiency,
allowing for clinically relevant imaging times [37].
2.1.1 Experiments
Analytical Wave Solutions
Given the complexities of in vivo experiments and the tissue, a simple model problem will
allow for isolating a single phenomenon, like domain size, which will inform understanding
for the more complex in vivo estimations. The simplest case of shear for a material is simple
shear, where the strain is confined to one plane and displacement is a function of only the
dimension perpendicular to the applied shear. It is a valid solution of the 3D Navier equation
(Eq. 1.1) and for the case where the plane opposite the applied shear is fixed, solutions take
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the form:
ux(z) = u0 cos(kz)− u0 cot(kh) (2.1)
where u0 is the applied displacement and k
2 = ρω2/µ.
To study the effects of domain size on the forward displacement calculations, the solutions
are sub-divided into “subdomains” as a 1D analogy to the subzones used in the full NLI
problem. The effect of a truncated domain is explored and similarities are seen with even a
simple 1D solution and the larger subzone problem. Full details are in Appendix A, including
extended results for f = 100 Hz, comparison with NLI finite element forward solution, and
NLI inversions of transversely isotropic solutions.
Silicone Phantoms with Inclusions
A phantom was constructed from a mixture of A341 silicone soft gel (Factor II) and PMX-200
silicone fluid (Xiameter) with heterogeneous inclusions of varying stiffness. The background
material was a 50-50 mixture and five inclusions of varying size (8 − 29 mm) and concen-
trations (55 − 70%), similar to a phantom used in a previous study [30]. The phantom
was constructed from silicone for its similarity in stiffness to brain tissue and stability in
properties over time (e.g. months to years). During construction, small test samples were
made from the range of concentrations used for the background and inclusions for separate
dynamic mechanical analysis (DMA). The DMA testing employed a rotational shear plate
experiment on a Q-800 DMA (TA Instruments, New Castle, DE) over a range of frequen-
cies, see a summary of properties for material ratios in Table 2.1 (results only for the MRE
actuation frequency of 60 Hz). The silicone material does not allow for variation in G′′ and
DMA estimation of this property is not sufficiently reliable with the current system to report
and compare with NLI-MRE reconstructions.
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Table 2.1: Summary of dynamic mechanical analysis (DMA) for the A341 silicone
concentrations at 60 Hz (MRE experimental frequency).
Concentrations: 50% 55% 60% 65% 70%
G′ kPa 1.21 1.68 2.17 2.81 3.81
Human Brain
A 29-year-old healthy male subject underwent eight separate MRE experiments (described
below), leaving the MR scanner each time. Each scan was performed in a Siemens 3T Trio
MRI scanner (Siemens Medical Solutions; Erlangen, Germany) at the Beckman Institute for
Advanced Study and Technology, with written informed consent for an approved study by
the University of Illinois at Urbana-Champaign.
2.1.2 MR Acquisition
Phantom
Each phantom was vibrated with a custom-made piezoelectric actuator connected to a si-
nusoidal wave signal generator (Agilent Model HP33120A). Phantoms were placed on the
actuation plate and then positioned in a Philips 8 channel RF head coil on a 3T Philips
Achieva system. MRE motion data was collected over eight dynamic cycles using a spin-
echo phase contrast pulse sequence with a motion gradient applied in three directions.
Repetition and echo times were 900 ms and 40 ms, respectively. Coronal images were
acquired using 2 × 2 × 2 mm3 voxels with 2 mm slices, with no gap between slices, and
FOV = 128× 128× 55 mm.
Human
The specific imaging parameters for MRE include two-shot in-plane spiral readout with
SENSE R = 2; ten slabs of eight kz sampling planes with 25% slab overlap; TR/TE =
1800/73 ms; four (4) temporal phase offsets; and FOV = 240 × 240 × 120 mm. External
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shear waves were introduced at the anterior of the subject’s head using a pneumatic actuator
system (Resoundant, Inc., Rochester, MN). Additionally, diffusion tensor imaging (DTI)
and high-resolution structural acquisition (MPRAGE) were acquired once on the subject.
DTI was acquired using the following parameters: single-shot EPI with GRAPPA R = 2;
TR/TE = 8000/95 ms; 30 non-collinear encoding directions; b = 1000 s/mm2. The DTI
was processed using FMRIB Diffusion Toolkit (FDT) to extract the voxel-wise diffusion
eigenvectors [84]. MPRAGE is acquired for registration of subject’s brain with white matter
(WM) atlas, with 0.9×0.9×0.9 mm3 isotropic resolution (TR/TI/TE = 2000/900/2.2 ms).
The registration of MPRAGE with the subject was performed using a combination of FSL’s
flirt and fnirt transformations and the MNI WM atlas [38,85].
2.1.3 NLI Formulation
The practicalities of available computational resources forced the reconstruction to be formu-
lated such that the entire domain is decomposed into smaller subdomains or “subzones” [24].
The main assumption of the subzone method is the minimization of global error is equivalent
















where Q is the number of subzones defining the entire domain, φ is the error function, and θz
is the material properties being estimated [25]. The error function, Eq. (1.4), on the subzone
is the squared L2-norm of the difference between the measured MR displacements and the






where Φ is used to distinguish from NLI definition and θ is the current estimate of material
properties (described previously in Ch. 1, Eq. (1.4)). Three different material optimization
(error minimization) algorithms, Gauss-Newton (GN), nonlinear conjugate gradient (CG),
and quasi-Newton (QN), have been implemented in the NLI framework for updating the
properties, θ, but the nonlinear CG method will be the focus of this study since it’s the
most widely used in NLI-MRE studies. The number of line searches performed (Eq. (1.8)),
for updating direction of steepest descent, is one (1) for the first ten (10) global iterations
and two (2) for all subsequent global iterations. All estimates, including line searches and
CG iterations, are performed only at the subzone-level.
2.1.4 Parameters of Interest
As eluded to in section 2.1.3, the dominant assumption for NLI is the decomposition of
the domain into subzones and the material property estimation updates via the conjugate
gradient (CG) method at the subzone-level. This study focuses on the physical size of
the subzone and number of CG iterations per global iteration. These two parameters are
chosen based on both empirical evidence and quantitative information. The reconstruction
parameters for all previous NLI-MRE studies have been fixed for stability and repeatability,
denoted by “standard” in text and figures [13–16, 38–41]. Further refinement will come
in future studies of both material models (e.g. anisotropy, multi-frequency) and additional
inversion parameters, including regularization.
Subzone Size The study proposed here looks across a range of subzone sizes based on the








Figure 2.1: A sample of subzone sizes are shown overlaid on T2-contrast images of the
phantom (left, near one large inclusion) and human brain (right). The full set of subzones
always cover the entire domain, the location of centroids are randomized at each global
iteration, and volume-preserving near the edges.
where f is the frequency of actuation, µ is the real shear modulus of the medium, and ρ is
the density of the material. The set of subzone edge lengths range from 0.3Ls to 1.95Ls,
and, for reference, the “standard” size from previous studies is 0.83Ls. The average shear
wavelength, for use in the study, was determined by using the physical value from the
“standard” NLI-MRE parameters (19.56 mm and CG=2), running NLI on all eight human
repeats, taking the average of repeats of whole brain averages, and calculating the average
shear wavelength, Eq. (1.5). The “standard” factor (0.83) was determined by comparing
the previously accepted subzone size relative to the average shear wavelength. The subzone
sizes were chosen to ensure sufficient range around the “standard” size and across physical
dimensions of features in the phantom and human brain. The 2D projection of the subzone
sizes relative to the phantom and human subject are visualized in Figure 2.1.
Conjugate Gradient Iterations As stated in section 2.1.3, the estimation of material
properties occurs at the subzone level and is updated using an a priori prescribed number
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of conjugate gradient (CG) iterations. In previous studies, the “standard” number of CG
iterations at the subzone-level is chosen as one (1) for the first ten (10) global iterations and
increases to two (2) CG iterations per global iteration until convergence is reached. Although
the two (2) CG iteration structure has shown to be effective, it is an open question whether
more iterations would improve the quality and stability of the material property estimations
and ultimately the statistical power. This study looks at a range of CG iterations from one to
five (1-5) iterations for the entire inversion, across the range of subzone sizes. Additionally,
the single CG iteration structures were used to investigate a potentially more efficient scheme
where the iterations are incrementally increased, CG = 1, 2, 4, 5, referred to as “cascade.”
The cascade structure is based on using the fixed iterations global error as a reference for
increasing CG iterations for the most efficient error reduction. Evaluating the CG iterations
will be based on improving the accuracy of material property estimates by minimizing the
error metric and improved convergence.
2.2 Results & Discussion
2.2.1 NLI Reconstructions
The material property reconstructions for the phantom and human subject, across a rep-
resentative subset of parameter ranges, are shown in Figures 2.2 and 2.3, respectively, for
a representative transverse slice. For both 0.3Ls and 0.65Ls sized subzones, the phantom
reconstruction was unstable and increasingly unstable with CG iteration. The human sub-
ject reconstructions were stable for small subzones but the contrast was very low; however,
the reconstructions for larger subzones, 1.3Ls, were unstable in regions with discontinuous
structures (i.e. falx cerebri) due to model-data mismatch. For stable reconstructions of both
the phantom and human subject, increasing CG iterations increased the contrast of phan-
tom inclusions and regions of the brain. Qualitatively, the “standard” subzone appears to
be a reasonable choice and at least minimal improvement in contrast could be gained from
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Figure 2.2: The final reconstructed elastograms of the phantom (see Figure 2.1 for
T2-contrast) are shown over a subset of the subzone sizes and conjugate gradient (CG)
iterations. The global iterations are the same and based on convergence of “standard”
inversion parameters. The reconstructions are unstable for subzones near or below 0.8Ls
and increasing CG iterations tends to increased the relative contrast between background
and inclusions.
Figure 2.3: The final reconstructed elastograms of the human subject (see Figure 2.1 for
structural reference) are shown over a subset of the subzone sizes and conjugate gradient
(CG) iterations. The estimates are all at the number of global iterations where “standard”
would be considered converged. For 0.3Ls sized subzones, the NLI algorithm does not
deviate from the initial estimate, except for the unstable CG=5. Conversely, 1.3Ls sized




Figure 2.4 shows the average properties of the background and five (5) inclusions across
the range of parameters, with DMA measurements. Both G′ and G′′ are unstable for very
small subzone sizes due to the small amount of displacement/strain information within the
domain. One probable source for the instability at very small subzone sizes would be the
limited information on shear wavelength available across such a limited domain, leading
to non-uniqueness in the property solution. This is a unique feature to NLI, as compared
with other MRE inversion techniques, because it assumes heterogeneity but cannot capture
it within the limited subzone. Conversely, the reconstructed material properties, G′ and
G′′, are nearly subzone independent for subzone sizes above 0.8Ls. For the larger subzone,
the algorithm can capture the subtle variation in material properties due to the phantom
being made of a very uniform and piecewise continuous material that is well modeled by the
viscoelastic model used in NLI. The number of CG iterations has a small effect on two stiffer
inclusions for G′ and no effect on G′′. The stability of G′′ and nearly identical reconstructed
properties throughout are expected because the material was not chosen to have contrast in
G′′.
2.2.3 Subzone decomposition: A Blessing and a Curse
The subzone was originally implemented for making NLI solvable on available hardware with
the added benefit of stabilizing the inverse problem; however, even though current hardware
affords any size subzone, Figure 2.3 shows the potential issues with this freedom. The elas-
tograms in Figure 2.3 shows how size can give both unrealistically too little contrast (small
subzones) and unstable solutions (large subzone at midline). The midline of the brain con-
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Figure 2.4: Volumetric average within each inclusion and throughout background, of G′
and G′′ across the range of subzone sizes and CG iterations. The DMA measurements are
shown with the dashed blue line for G′ (phantom does not have G′′ contrast). Subzone
sizes above about 0.8Ls are subzone size independent for most of the inclusions and
background. CG iterations have a minimal effect for the larger subzones.
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Figure 2.5: The elastograms (right) are a sample superior transverse slice containing the
falx cerebri, located in the center and oriented posterior-anterior; left: line plots cutting
through the center of slice show the response of NLI to subzone size. Subzone sizes in the
middle handle the model-data mismatch better than the largest subzone.
brain made of dura mater. Although the NLI formulation can capture tissue heterogene-
ity, NLI assumes a continuous medium and, therefore, it is unable to properly model the
slip-interface between the two structures. For subzones encapsulating some portion of the
structure, NLI attempts to smooth the discontinuity by approximating it as a stiff structure
(see the reconstructions for the three middle subzones in Figure 2.5). Surprisingly, NLI does
a reasonable job of approximating both the edge of the brain hemispheres and the falx cerebri
as shown in the line plot through the center of brain in Figure 2.5. NLI encounters problems
when the subzones are large enough to encompass a large portion of the discontinuity of the
falx cerebri, and responds to the sharp increase in stiffness (G′) by decreasing the damping
(G′′), seen in Figure 2.5 for the largest subzone. NLI has safeguards to stop the optimization
from suggesting non-realistic values (i.e. negative viscosity) and tries to regularize unrealis-
tic property changes (usually due to noise), but significant model-data mismatch cannot be
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avoided.
Explaining the Subzone Effect
Wave Equation One of the simplest time-harmonic elastic deformation situations to con-
sider is a homogeneous plate with shear applied on a single face and fixed on the opposite
side, finite in thickness and infinite in the other two dimensions, as described in Section 2.1.1.
A single component of shear reduces any parameter effects to the simplest case (besides rigid
body motion) without introducing the complexities of higher-dimensionality effects. To in-
vestigate the effects of domain size on the forward displacement calculation, a simple shear
experiment is proposed. First, the shear deformation in a large, ‘global ’ domain is calculated
using the analytical solution, Eq. (2.1). Next, a series of shear fields are calculated on a
set of subdomains of decreasing size. For each of these subdomains initial shear fields, the
domain is reduced in a successive fashion by one pixel in each direction until the smallest
subdomain contains five (5) points. Additionally, the real and imaginary of the shear mod-
ulus are varied (keeping the other fixed) from 0.5G0 to 1.5G0 to model inaccurate estimates





0 are shown in Figure 2.6. The normalized cost functions for both cases, across
entire parameter space, are shown in Figure 2.7. When G′ is varied, the cost function is
more sensitive to the subdomain size when G′ > G′0; conversely, for G
′′ varying, the cost
function is more sensitive for G′′ < G′′0. The sensitivity of the 1D solution to incorrect values
of G∗ are understood by computing the linear regression of the cost function to inaccurate
values of G′ or G′′, separating into below and above original value (see Figure 2.8b). Note,
the slopes for G∗ > G∗0 are shown negative to compare with cases where G
∗ < G∗0 illustrate
their relative differences and mimic reduction of error toward known solution, like NLI’s
optimization routines.
With regards to the underestimate of G′′, Figure 2.8 shows smaller subdomains have a








































































Figure 2.6: A analytical solution (global) for 2.1 is computed, using the properties in Table
2.2, and recomputed for “subdomains” of original solution with inaccurate solutions. The
storage modulus (G′) is the original value and the loss modulus (G′′) is set to 0.5G′′0. All












































































Figure 2.7: Cost function for the full range of subdomain sizes and varying shear moduli for
the two cases: (a) 0.5G′0 ≤ G′ ≤ 1.5G′0 and G′′ = G′′0; (b) G′ = G′0 and 0.5G′0 ≤ G′ ≤ 1.5G′0.
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(b) Normalized version of (a) by Lsubd/Ls
Figure 2.8: For constant domain size from Figure 2.7, the linear regression was computed
for G)subd < G0 (left) and Gsubd > G0 (right; negative for comparison). For small
subdomains, the error is relatively insensitive to inaccuracies. For Gsubd < G0, the cost
function is more sensitive to inaccuracies in G′′ than G′, and the converse is true for
Gsubd > G0.
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Table 2.2: Summary of the property values and initial conditions of the simulation
experiments.
Experiment u0 [m/s] f [Hz] ρ [kg/m
3] µ [Pa] λ [Pa]
1-D Simple Shear 5x10−4 50 1000− i0.1 2500 + i2000 1.6489x106
subdomains. For values of G′′ > G′′0, the slope is shallower across the range of subdomains.
The less aggressive slope at smaller subdomains, and by extension subzones, allows for
an underestimate of the loss modulus without much difference in the cost function, which
governs the update in properties. The NLI algorithm uses an initial estimate of G′′ of
1200 Pa which in vivo is most likely an underestimate. For the storage modulus (G′), the
initial estimate is ∼3300 Pa, nearer to the final solution, and inaccuracies are less dependent
on the domain size.
The previous experiments were repeated for five (5) randomized trials where the subdo-
main locations were randomized relative to the original solution. The sensitivities relative to
inaccuracies in shear moduli were computed for all cases and shown as composite in Figure
2.9a. The behavior is very similar to “centered” subdomains but highlights the increased
variance in sensitivity for nearly all cases near Lsubd = 0.5Ls. This variance may help to ex-
plain NLI’s inability to accurately estimate shear moduli in this regime for the full domains.
For subdomain sizes approaching Ls, the level of variance with different subdomain regions
is noticeably decreased, helping explain the relative stability of NLI solutions at subzones
near this size. Although this is only a 1D analysis of a 3D problem, it showed the general
behavior of both constraining the problem into different size domains and how inaccuracies
in material properties drive the sensitivity of the cost function. A subzone should be as
large as reasonably possible considering both computational constraints and biological prac-
ticalities (e.g. model-data-mismatch of the falx cerebri) in order to improve NLI’s sensitivity
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(b) Normalized version of (a) by Lsubd/Ls
Figure 2.9: The previous 1D subdomain experiment were repeated for five trials of
randomized subdomain locations throughout the domain. This illustrates the effect of
position of the subdomain, and by analogy subzone, relative to the original, or by analogy
measured, wave. There is increased variance for nearly all cases when the subdomain is of
order 0.5Lsubd/Ls. Trial 1 were locations nearest face of applied shear and trial 5 were
locations near fixed face, opposite applied shear.
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Finite Element Forward Solutions Boundary conditions (BC) for the NLI forward
finite element solution (FWD) are applied similar to the 1D problem, shear applied on one
face and fixed at the opposite, but finite in the other two dimensions, instead of infinite, and
uz = 0 on the faces perpendicular to the applied shear. The FWD solution is computed for
the same property values as the 1D solution and they match within numerical accuracy, see
Figure A.2. Additionally, if the material properties are defined as 0.5G′′0 and 1.5G
′′
0, then
the solutions also match the analytical solutions. This demonstrates there is no inherent
three-dimensional effects to consider for simple shear in a finite domain; however, this does
not preclude effects from neither more complicated shear states nor heterogeneity. Finally,
defining subdomains (similar to subzones) of the 3D domain does not introduce ill effects
for this simplified case, see Figure A.3.
2.2.4 Repeatability of NLI-MRE in Human Brain
The repeatability of NLI for a single subject, across eight repeated experiments, is shown
in Figure 2.11 for whole brain, corpus callosum (CC), corona radiata (CR), and superior
longitudinal fasciculus (SLF). The normalized standard deviation across repeated exper-
iments of G′ and G′′ relative to the mean is less than 5% across nearly all subzone sizes
for the whole brain. For the SLF, there is larger variability in the reconstructions of the
experiments, likely due to it being a large structure spread spatially across the brain. In-
creasing the number of CG iterations, at the subzone level, has a minimal affect on the
variability across experiments. Ultimately for reasonable subzone sizes in the human brain,
NLI parameters neither change the stability nor the repeatability of the material property
estimations. However, following from the last section on subzone size effects, increasing the
subzone size in CR shows a reduction in the normalized standard deviation from near 10%
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Figure 2.10: Average and standard deviation of G′ and G′′ across repeats of single subject
for the whole brain, corpus callosum (CC), corona radiata (CR), and superior longitudinal
fasciculus (SLF). For G′, subzone size-independent reconstructions exist for the CR and
SLF, but not CC; however, the reconstructed G′′ seems to be subzone-independent for sizes
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Figure 2.11: Percent standard deviation, relative to average, of G′ and G′′ across repeats of
single subject for the whole brain, corpus callosum (CC), corona radiata (CR), and
superior longitudinal fasciculus (SLF). Nearly all reconstructions have a normalized
standard deviation of less than 10% across all subzone sizes where 0.8 < Lsubzone/Ls < 1.8,
for both G′ and G′′.
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Figure 2.12: (a) The global cost function, Eq. (1.4), plotted versus the global iteration for
the range of CG iterations on the “standard” subzone size. (b) The global cost function
versus the total CG material estimations, with the break down of “cascade” iterations
structure. Each dot labels the change in number of CG iterations. The color-coded vertical
lines represent the equivalent number of total iterations for the respective fixed iteration
structure when it was previously considered “converged.”
2.2.5 “Cascade” CG Iteration Structure
As mentioned in section 2.1.4, the conjugate gradient (CG) iteration structure starts at one
(1) CG iteration per global iteration and increases to a fixed set of CG iterations. Figure
2.12a shows the global error (1.4) of a single subject (“standard” subzone size) versus global
iteration for one (1) to five (5) CG iterations. Observed independently, the plateau in
error would suggest convergence of the estimations; however, each increase in CG iteration
is a decrease in global error, at a converging rate. The increase in CG iteration linearly
increases the computation time, but plotting the global error versus the total iterations
([Global Iterations] x [CG Iterations]) shows the relative efficiency of each approach, see
Figure 2.12b. If the CG iterations are increased where the fixed CG estimation error rate
starts to decrease (changes indicated with color-coded dots), then the smallest error of
CG = 5 could be achieved most efficiently, shown in gold in Figure 2.12b. The successive
increase in CG iterations with global iterations, matched with cost function values for fixed
CG iterations (see Table 2.3), improves both efficiency and material reconstructions. The
resultant elastograms, a transverse plane with “standard” subzone size, are shown in Figure
2.13 and show the relative contrast differences. Figure 2.13a shows the comparison at the






















Figure 2.13: As Figure 2.12 shows, there may exist a more optimal error reduction strategy
where CG iterations increase at intervals of global iterations. The bottom row shows the
elastograms from the “cascade” CG iteration structure ((a): Ng = 100 and (b): Ng = 500).
The cascade has lower contrast for Ng = 100 but nearly identical at Ng = 500 and with
reduced computational cost and error.
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Table 2.3: The “cascade” CG iteration structure for given global iteration, Ng, and line
searches (Eq. 1.8).
Ng NCG Line Searches
1− 10 1 1
11− 23 2 2
24− 42 4 2
43− 5 2
500). The contrast at Ng = 100 is lower for cascade than CG = 5, even though the global
error is the same. It is likely due to the global error still decreasing for the same number
of total iterations, as seen in Figure 2.12b. As global iterations increase, the contrast for
both cases are nearly identical; however, the cascade structure has achieved it with lower
computational cost and smaller global error. Given the enormous parameter space, it is
difficult to understand how there can be a decrease in global error simply given a different
iteration structure, while using the same estimation algorithm, without doing empirical
studies like this one.
2.3 Conclusions
An investigation into the effect of parameters on the NLI-MRE reconstructions improved
both specificity and sensitivity, the goal of all method development, but also improved
our understanding of the underlying tissue. The subzone size has long been thought to
have a minimal effect on the estimation but this study showed the subzone size determines
sensitivity to heterogeneity, or lack there of, for very small sizes, and over-sensitivity to
model-data mismatch for discontinuous regions (i.e. falx cerebri). The 1D analytical analysis
provided a useful model of explaining this domain size-based sensitivity and how NLI cannot
ever be entirely subzone-independent; however, the subzone effect is mitigated by increasing
the amount of randomization by increasing total global iterations. The cost function plateau,
previously thought to imply convergence, has shown to miss the potential for improved error
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reduction from increasing CG iterations and higher-order fitting with significantly higher
global iterations (4-5 times previous estimations). Increasing the number of total estimates,
CG and global, has the drawback of increasing the computational cost. This was partially
alleviated by optimizing the CG iteration structure by increasing subzone-level estimates
with the slope of the cost function (i.e. “cascade”). Further improvements to the NLI
framework will come from a dynamic CG iteration structure based on a real-time assessment
of cost function convergence. Future studies will seek further improvements in parameter
independence of NLI through identification of the next higher order of parameter effects and





3.1 Background & Motivation
As noted in the previous chapter, the cost function governing both the update of material
properties and their level of convergence is not sufficient for defining “goodness” of the final
estimates. Increasing the number of both CG and global iterations showed an improvement
in material contrast. Increasing CG iterations always improved the global cost function value
up to a global iteration, then the cost function plateaued indefinitely, see Figure 2.12. This
plateau was assumed to be equated with overall convergence of the estimation across the
entire domain. Unfortunately, with all single-valued measures of complex, higher-dimension
domains, whether it’s load capacity of a suspension bridge or gross domestic product of an
entire country, the small, regional details are missed in aggregate measures.
Another option would be to look at the material statistics for the entire domain with
global iteration, as described in Figure 3.1 for G′. It would also be tempting to assume the
flatness of the statistics implies convergence, but it is only slightly more information than
the single cost function value. The work in this study looks to identify potential voxel-wise
and regional metrics for assessing the “goodness” of estimations towards the open question
of true material properties of the tissue. Ultimately, setting up the NLI estimation to be
as parameter-independent as possible will ensure it is converging towards the true solution.
This, combined with a meaningful convergence criteria, will improve both specificity and
confidence in final estimations.
Given that the known true tissue properties are an open question, the convergence criteria
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will be based on determining whether or not NLI, or any iterative method, is expected to
change values with future global and/or CG iterations. Since it isn’t possible to see into the
future, one way to determine future updates is by looking backwards with global iteration
to determine how much any one voxel has changed with global iteration. Iterative algo-
rithms require changes in estimates in order to continue searching for lower error solutions
and without changes, this is not possible. Given the inherent noisiness of the MRI data,
there is always going to be some variation but eventually it should be small enough where
averaging over a set of the global iterations will remove these variations. This criteria is
expected to provide an important missing component in defining “goodness” of reported
statistics in future NLI-MRE studies. For reference, all clinical liver MRE reports include
a confidence map, which is based on imaging SNR, level of known artifacts, and sufficient
area of usage wave propagation; however, it has not been adopted in other applications of
MRE [86]. Reasons it has not been directly adopted include: clinical decisions are mostly
based on whole-liver averages with wide staging bins, the liver does not have sub-regions of
interest, and OSS-SNR has been proposed as an imaging quality metric but does not define
convergence of estimates.
3.2 Quality In, Quality Out
Octahedral Shear Strain SNR McGarry, et al. proposed a MR displacement imaging
quality measure called octahedral shear strain signal-to-noise ratio (OSS-SNR), which is
based on the information necessary for an accurate inversion (i.e. strain) instead of the tra-
ditional displacement amplitude measures [31, 87]. Although the displacement amplitude is
an important characteristic, the governing equation, Navier equation (Eq. (1.1)), is a differ-
ential equation relating stress and strain via material properties. OSS-SNR is a volumetric
average, within a region of interest (ROI), of the time-averaged octahedral shear strain for
the displacement signal at the known frequency compared with the volumetric average of
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Figure 3.1: Shear modulus (G′) statistics with global iteration (Ng) for a typical NLI
estimation of a human brain. Properties appear converged for Ng > 50.
the expected strain signal from the noise. This is, and has been, an important metric for
assessing the “goodness” of data into NLI, even assessing adherence of tumors [88]; however,
it does not predict the “goodness” of reconstructed material properties.
The next step, once the input data has been characterized, is to have a similarly quantita-
tive way of assessing NLI’s ability to estimate material properties. The goal of a convergence
criteria, independent of a known truth, can only ever be relative to it’s own performance.
This could come in the form of a metric characterizing the numerical methods (i.e. condition
of matrices) with CG and/or global iterations. Although these are at a lower level than
global metrics (i.e. subzone versus global cost function), these metrics are large relative to
the ROIs of interest in the human brain. Instead, metrics at or near the voxel-level are
necessary for proper assessment of “goodness.”
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3.2.1 Proposed Convergence Criteria
Previous studies identifying a set of “standard” NLI parameters have been informed by the
reduction of global error, the repeatability of MRE imaging and NLI estimates, and regional
contrast-to-noise metrics [27, 37, 38, 80, 82]. Given the formulation for error minimization,
it would seem reasonable to assume the material properties have converged, but subtle
variation in material properties could have similar error. Repeatability is always important
but it does not necessarily imply understanding the quality of any one estimation. Contrast-
to-noise metrics are useful in simulation and phantom studies, but they do not have a specific
meaning for in vivo tissues. These reasons highlight the need for a voxel-wise, or at least
regional convergence metric, of displacement error and material properties estimations.
Since MRE studies are interested in comparing regional statistics, the quality of a subject’s
estimation should be based on the convergence defined within regions of interest. Two
material property convergence metrics are defined within regions based on the voxel-wise
variation with global iteration for absolute and normalized variation. The “absolute modulus
variation” threshold is defined as
σG,Ng = σG,10 < [Pa]threshold, (3.1)
where Ng is the number global iterations used in the computation (Ng = 10 is used through-
out). Since the variation of properties within a single human brain region can be upwards







may be more appropriate. These metrics are inherently relative but are patient specific and
the threshold should be reported alongside any regional statistics used in future studies.
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3.3 Results & Discussion
3.3.1 Global Convergence
As was observed in Section 2.2.5, the cost function, Eq. (1.4), for the “standard” subzone
across CG iterations, had plateaus for fixed CG per subzone but level-step decrease as CG
iterations increased, see Figure 2.13. Each CG iteration structure reduces the global error
up to a point and then appears to converge, but each successive increase in CG iterations
decreases the final global error, at a converging rate. This would naturally imply the need
to increase CG iterations but it comes at both a computational cost and a more subzone-
specific solution. Additionally, the results for comparing CG = 5 with cascade at Ng = 100
have shown how equivalent global error can have both different qualitative and quantitative
results. Previously, both would have been considered converged because the global error,
Eq. (1.4), had plateaued. The differences show how within the plateau of global error the
regional error is actually being shifted spatially with the randomization of subzones, where
the minimization is being performed. A computationally more efficient iteration structure,
“cascade,” was proposed and evaluated, but a similar plateau occurs and the “goodness” is
still unknown. As outlined in the previous section, two metrics have been proposed, Eq. 3.1
and 3.2, to address the convergence of material property values in the plateau of the global
error, both voxel-wise and regionally.
An example of the convergence within the subject (%threshold = 5%) from Chapter 2 is
shown for a set of global iterations (Ng) in Figure 3.2 (“standard” size subzone and CG = 2).
For the case when NLI was previously assumed to be converged (Ng ≈ 100), the volume had
low spatial convergence throughout the domain. It isn’t until global iterations are between
400 and 500 where the spatial convergence may be considered acceptable. Interestingly,
neither the fluid-filled ventricles (center of domain) nor the discontinuous falx cerebri (located
at left-right center, posterior and anterior to ventricles) appear to ever converge. Since NLI
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Figure 3.2: A sample slice through center of the brain showing progression of the
point-wise convergence, based on new criteria, for the “standard” NLI parameters. All of
these convergence maps are within the plateau of the global error.
viscous; however, fluid cannot support shear which is the dominant phenomenon observed
for in vivo tissue. It is encouraging to see NLI does not converge for these areas of known
model-data mismatch. The real power of the voxel-wise convergence criteria will be utilized
within specific regions of interest in both this work and future NLI-MRE studies.
3.3.2 Region-Specific Convergence
Studies utilizing MRE are typically looking for significant effects relative to average proper-
ties within a particular brain region, however a simple mean assumes all values are equally
good. Only values with some level of confidence in the estimation should be included in
statistics to ensure proper characterization of tissues and remove bias from erroneous re-
sults. Defining a convergence criteria also allows researchers and clinicians to report the
level of confidence with the average statistics. A regional convergence, aggregate of point-
wise convergence, is shown for the SLF (using “standard” size subzone and CG = 2) in
Figure 3.3 as a percentage of the volume for both criteria, three thresholds for each. This
demonstrates the spatial convergence in an important WM region and how the total global
error is thus too crude and regional convergence metrics will help define the quality of es-
timates within a given ROI. A value of 3% seems overly restrictive and 7% seems nearly
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Figure 3.3: Percentage of converged SLF volume for CG iteration (“standard” parameters).
The G′ values are the left (solid) bar and the G′′ values are the right (hashed) bar. The
normalized percent variation threshold, Eq. (3.2), has a similar convergence rate for both
G′ and G′′, but more restrictive on G′ for the modulus threshold, Eq. (3.1).
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to linearly increase with global iteration and equally penalize G′ and G′′. Conversely, the
strict modulus threshold is more restrictive on G′, which is always stiffer and 1D wave anal-
ysis in Section 2.2.3 showed it is more sensitive than G′′. It may be necessary to have a
threshold for G′ and G′′ separately when using a modulus threshold.
The resultant statistics, for a single experiment, are shown in Figure 3.4 (top) and highlight
the difference in the reported regional averages and standard deviations. Additionally in
Figure 3.4 (bottom), split violin plots show the distribution of property values for the full
data and for two data sets of only converged values. At least two interesting observations
can be made about these distributions and how averages obfuscate details: distributions
are bi-modal and converged distributions have different distribution statistics than the full
volume.
3.4 Conclusions
These convergence criteria provide a fast and simple way to avoid the inclusion of poorly de-
veloped material property values within the regional statistics used in MRE to assess changes
due to physiological conditions such as age or disease. When the proposed convergence cri-
teria is applied across a set of global iterations it is a combined way of determining whether
randomization of subzones and further estimations (Ng × NCG) are likely to change with
any successive iterations. These are two important characteristics to capture and reduce
their effects because, as was demonstrated in the previous study, subzone effects and CG
iterations are two primary contributors to NLI estimations. Figure 3.2 shows portions of the
brain (e.g. falx cerebri) that are poorly characterized by the viscoelastic continuum model,
underlying NLI, which are easily excluded from the converged distribution by application
of these criteria. Future studies into the convergence of single voxels up to ROIs should
include comparisons with the spatial maps of OSS-SNR and implemented into full studies









































































































Figure 3.4: Mean and standard deviation of the converged, for both proposed convergence
criteria, in the superior longitudinal fasciculus (SLF) at intervals of global iterations. The
average moduli for the region does not vary much with iteration (top); however, the
distribution of the material properties within the region (bottom) does change with global
iterations.
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criteria could also be used as effective stopping criteria for the NLI processes, which the
algorithm could conditionally iterate until a certain percentage of the imaging volume had
successfully converged according to a specified threshold. Finally, when anisotropic models
are implemented into NLI, a new convergence criteria will need to be determined based
on requirements of sufficient shear strain in each anisotropic plane to ensure accurate and





Neurodegeneration occurring in conditions such as Alzheimer’s disease, amyotrophic lateral
sclerosis, multiple sclerosis, and normal aging affects macroscale brain tissue characteristics
due to microscale tissue changes. The alteration of the neuronal and glial matrix can result
in detectable changes in physical material characteristics, including mechanical properties.
Magnetic resonance elastography (MRE) is a technique for noninvasively assessing tissue
viscoelasticity in vivo [3]. The mechanical contrast afforded by MRE has shown great promise
in diagnosing and staging a variety of conditions, most notably chronic liver disease [86,90],
and MRE of the brain has recently revealed softening in a number of neurodegenerative
conditions [7, 10, 11,76,91,92].
Despite the success of brain MRE, most common methodological approaches adopt an
oversimplified model of the complex tissue behavior that affects the accuracy and precision of
the property measures. In particular, MRE typically assumes the material is isotropic, i.e. it
does not exhibit direction-dependent properties, despite the fibrous structure of brain tissue,
especially white matter (WM). A number of studies on animal brains suggest the necessity of
considering anisotropic tissue properties in assessing the brain with MRE [18,22,23,93–95].
For instance, Velardi et al. [96] performed an ex vivo axial test of porcine WM and found
that when stretched along the fiber direction, stiffness appeared approximately three times
greater than when stretched against the fibers. Feng et al. [18] performed shear tests on
ex vivo lamb brains and found the shear modulus to be approximately 40% greater along
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the fiber than against. Similar behavior is expected in human brains given the shared fiber
structure.
The adoption of an isotropic material model for brain MRE, despite the evidence support-
ing tissue anisotropy, is motivated by the need to maintain stability in solving the ill-posed
inverse problem. Anisotropic models require additional material parameters to be estimated
while enforcing isotropy reduces the burden on the inversion of noisy data. Though recent
work has aimed to estimate anisotropic tissue properties with MRE [23, 93–95, 97–100], in-
cluding specific WM tracts in the brain [22, 38, 74, 76, 101], the effect of WM anisotropy on
traditional isotropic inversion schemes has yet to be fully characterized [102].
The present study aims to explore the differences in reconstructed isotropic mechanical
properties of the brain in the presence of unique mechanical excitations. We aim to use
a multi-excitation MRE setup to generate distinct shear patterns in the brain, and will
evaluate our hypothesis that the directionality of shear strain relative to WM fiber orientation
influences mechanical property estimation. Local fiber orientation will be determined using
diffusion tensor imaging (DTI) in three major WM tracts of interest: corpus callosum (CC),
corona radiata (CR), and superior longitudinal fasciculus (SLF).
4.2 Methods
A single 28-year-old healthy male subject participated in this study approved by the Uni-
versity of Illinois at Urbana-Champaign Institutional Review Board after providing written
informed consent. The imaging protocol consisted of two MRE scans performed using two
separate actuator setups, DTI, and a high-resolution structural acquisition (MPRAGE). All
scanning was performed on a Siemens 3T Trio MRI scanner (Siemens Medical Solutions;
Erlangen, Germany). Four repeats of the imaging protocol were performed on the same
subject. These repeats were collected on different days, spread across four months.
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4.2.1 MRE Acquisition
MRE displacement imaging used a 3D multislab, multishot spiral MRE sequence for generat-
ing 3D, full vector field complex displacement data at 50 Hz with 2 x 2 x 2 mm3 isotropic spa-
tial resolution [38]. The specific imaging parameters for MRE include single shot in-plane spi-
ral readout with SENSE R = 3; ten slabs of eight kz sampling planes with 25% slab overlap;
TR/TE = 1800/73 ms; four (4) temporal phase offsets; and FOV = 240 x 240 x 120 mm.
Small strains (∼ 10−5) in the brain were induced through whole-head vibrations using a
pneumatic actuator system (Resoundant, Inc., Rochester, MN). In order to create distinct
excitation patterns, two passive drivers are positioned on the patient’s head inside of the
head coil: a soft pillow-like pad under the posterior of the head (Figure 4.1(a)) and a harder
pad on the right side of the head (Figure 4.1(b)). The soft pad is often used for head MRE
experiments [?,14] due to its slim profile allowing it to fit comfortably in the standard MRI
head coil. Additionally, the position posterior to the head results in good coupling to the
skull through the weight of the head. The hard pad was used for the lateral experiment
to achieve adequate coupling with the head through contact with both the skull and the
side of the head coil. The dimensions of the head coil precluded the use of soft pad for the
lateral excitation case. The MRE scan was performed twice with one driver activated for
the entire imaging experiment at a time. The actuator driver is switched manually through
a connection on the pneumatic tube between scans without altering the head position. As
expected, the two excitation directions, referred to as anterior–posterior (AP) and left–right
(LR), provide distinct deformation fields in the human brain (see Figure 4.1). In order to
ensure optimal contact and sufficiently minimize involuntary movement of the head, foam
pads were placed between the head and the MR coil on the subject’s left side, and the driver
adjacent to the right side of the head and the coil.
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Figure 4.1: The real component of the complex displacement fields (ũ = {ũ, ṽ, w̃})
generated by excitation from two different actuator setups: (a) anterior–posterior (AP) and
(b) left–right (LR). The two excitations produce distinctly different patterns, particularly
for the out-of-plane direction. AP excitation results in patterns with left–right symmetry,
while the LR excitation exhibits anterior–posterior symmetry, as expected.
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4.2.2 Material Property Reconstruction
See section 1.1.1
4.2.3 Other Imaging
DTI data was acquired in the same imaging session in a co-registered fashion with FOV
and resolution matched to the MRE data. DTI parameters include: single-shot EPI with
GRAPPA R = 2; TR/TE = 8000/95 ms; 30 non-collinear encoding directions; b =
1000 s/mm2. The diffusion tensor was processed using FMRIB Diffusion Toolkit (FDT) [84]
to extract the voxel-wise diffusion eigenvectors. Finally, we acquired a T1-weighted struc-
tural image using an MPRAGE sequence, which resulted in a 0.9 x 0.9 x 0.9 mm3 isotropic
resolution (TR/TI/TE = 2000/900/2.2 ms).
4.2.4 Analysis
Computing Strain
First the strain is calculated from MRE displacement fields to investigate the strain at each
voxel to better understand how the strain state is related to the reconstructed properties
from NLI between the two excitation directions. Isotropic tissue will behave the same under
different shear modes; conversely, anisotropic material will respond differently in each inde-
pendent property direction. The strain is computed from the MRE displacement at each




(ui,j + uj,i) (xk, tn) (4.1)
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where xk is the spatial coordinate and tn is the time at point n. The strain tensor is
symmetric, and thus can be written as
1
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is computed to obtain a magnitude of the oscillatory shear and normal strains across the
temporal phase offsets. Maps of the RMS values for the shear components of the strain
tensor are shown in Figure 4.2. It is important to note the strain calculations were performed
independent from NLI to reduce bias from the specific NLI formulation.
Fiber-Tract Reference Frame
NLI is formulated with respect to the imaging reference frame, and all inversions in this work
are completed in this reference frame. However, we seek to understand how isotropic MRE
reconstructions of an expected anisotropic material, and thus we want to compute the strain
state relative to the direction of neuronal fiber bundles, which represent the presumed axis
of symmetry in a transversely isotropic material [22, 94]. The strain tensor at each voxel,


















Figure 4.2: The RMS shear strain components of the strain tensor from both the
anterior-posterior (AP) and left-right (LR) excitations. There are similar high magnitude
regions for each direction but, also, distinct differences where the excitation was applied to
the subject’s head.
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x̂l, into the axonal fiber-tract reference frame, x̂f , by constructing a transformation matrix
from the DTI eigenvectors (Vj). The DTI eigenvectors, assumed to be the fiber orientation
reference frame in typical DTI, are the local coordinate system of the voxel, where x̂fj = Vj




3 correspond to the two
directions perpendicular to the fiber-tracts. The transformation tensor is constructed via
the cosine of the angle between the lab and fiber coordinates:
[T ] = cos(x̂li, x̂
f
j ). (4.4)
The transformation of the strains in the lab coordinates into the fiber-tract’s local orientation
is then computed for each time point
[εf ] = [T T ][εl][T ] (4.5)
and the RMS of strain is calculated in the same fashion as in section 4.2.4. In order to
highlight the asymmetry of shear strains relative to fiber-tracts and thus the likely anisotropic
response, the shear strains in planes parallel, εf12 and ε
f
13, and perpendicular, ε
f
23, to the









The spatial, multiple experiment averages of Eq. (4.6) are computed for various regions of
the brain in Table 4.3, with ()∗ indicating statistically significant differences determined by
a paired t-test.
Registration
The images from a given scanning session are acquired in a co-registered fashion (both
MRE and DTI scans). The DTI acquired during each experiment is used to register these
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data for identifying the WM regions of interest through an atlas [103] using the FSL TBSS
tool [104]. The WM tracts investigated in this study are the corpus callosum (CC), corona
radiata (CR), and superior longitudinal fasciculus (SLF). Additionally, the FAST tool in
FSL [105] segmented the MPRAGE to delineate the global WM region from the images for
comparison with the individual tract (CC, CR, and SLF) statistics.
4.3 Results
An example of the differences in displacement fields for a subject undergoing two different
excitations is shown in Figure 4.1. The displacement fields show a different displacement
pattern for each excitation, particularly for the out-of-plane direction. AP excitation results
in patterns with left–right symmetry, while the LR excitation exhibits anterior–posterior
symmetry, as expected. The uniqueness of patterns is indicative of differentially excited
shear modes, which results in distinct strain fields, and the distinct fields are necessary for
investigating direction-dependent responses. Displacement fields from both AP (soft pad)
and LR (hard pad) excitation were of sufficiently high quality for inversion, with octahedral
shear strain-based SNR (OSS-SNR) for all displacement fields greater than 3 [87].
Figure 4.2 shows the RMS strain of the displacement field for the same axial slice as
in Figure 4.1. At the posterior of the subject’s head, both excitation directions have the
strongest strain magnitudes due to the shear source at the skull and falx. However, the strain
throughout the brain has voxel-wise spatial variation differing with excitation direction,
especially as the shear propagates towards the center. The AP excitation shows the outline
of the ventricle region in each of the strain components, which is less visible in LR excitation.
The lack of definition in strain patterns for LR at the center may be due to the excitation
wave passing across the long side of the ventricles.
Figure 4.3 presents an example of the reconstructed material property maps for the stor-
age (G′) and loss (G′′) moduli at an axial slice encompassing regions adjacent to the lateral
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Table 4.1: Summary of mean and standard deviation for the reconstructed storage
modulus, G′, across experimental repeats of spatial averages of the whole brain, global
WM, and selected WM regions (CC, CR, and SLF); ()∗ represents p < 0.05 for the
normalized differences; (, ) is a two value average.
Measure Whole Brain WM CC CR SLF
G
′
AP 2.45 (1.1%) 2.68 (1.2%) 2.24 (1.3%) 3.03 (1.6%) 2.85 (1.9%)
G
′









-1.2% -2.2% -23%* -11% 1.3%
Table 4.2: Summary of mean and standard deviation for the reconstructed loss modulus,
G′′, across experimental repeats of spatial averages of the whole brain, global WM, and
selected WM regions (CC, CR, and SLF); ()∗ represents p < 0.05 for the normalized
differences; (, ) is a two value average.
Measure Whole Brain WM CC CR SLF
G
′′
AP 1.07 (2.0%) 1.22 (2.3%) 1.04 (4.6%) 1.49 (3.1%) 1.61 (5.3%)
G
′′









-0.91% -2.9% -26%* -33%* 4.3%
ventricles, the CC, and the CR. Note that the change of excitation orientation results in
voxel-wise differences in G′ and G′′ of up to approximately 2 kPa. Such large differences be-
tween the AP and LR excitation appear mostly in areas with high DTI fractional anisotropy
(FA): FACC = 0.70, FACR = 0.51, and FASLF = 0.50.
A summary of the mean and standard deviation of reconstructed G′ and G′′ moduli across
the repeated experiments for the entire brain, global WM, CC, CR, and SLF are given
in Tables 4.1 and 4.2. Values are reported for each excitation and the relation between
the two, with ()∗ indicating statistically significant differences determined by a paired t-
test. The whole brain averages for G′ and G′′ for both excitation directions are consistent
with published values and exhibit very low standard deviations across repeated experiments
(≤ 2%), indicating excellent reproducibility, in agreement with other brain MRE studies
using NLI [?, 106]. Similarly, the global WM region exhibits consistent G′ and G′′ between
excitations and comparable reproducibility.
Additionally, both global regions exhibit comparable and reproducible ratios of shear
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Figure 4.3: (a) Fractional anisotropy (FA, color intensity) from DTI (from top-left)
coronal, axial and sagittal, where colors describe the fiber-tract’s dominant direction: red
indicates left-right, blue indicates inferior-superior, and green indicates anterior-posterior;
bottom-right is a sagittal magnitude image from MRE data. The reconstructed (b) G′ and
(c) G′′ material maps for anterior–posterior (AP, top) and left–right (LR, bottom)
excitations. Significant differences in reconstructed values are easily identified.
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Table 4.3: Summary of mean and standard deviation for the computed fiber-tract shear
strain ratio, εf‖/⊥, across experimental repeats of spatial averages of the whole brain, global
WM, and selected WM regions (CC, CR, and SLF); ()∗ represents p < 0.05 for the
normalized differences; (, ) is a two value average.
Measure Whole Brain WM CC CR SLF
εf‖/⊥,AP 1.61 (0.23%) 1.62 (0.23%) 1.34 (2.3%) 1.62 (1.3%) 1.56 (8.0%)







1.3% 3.4% -22.3%* 8.8%* 7.5%
parallel to perpendicular with respect to dominant fiber-tracts direction, εf‖/⊥ (Eq. (4.6)),
as summarized in Table 4.3. This is expected as the global regions do not isolate specific,
ordered fiber-tracts.
The spatial mean values for G′ and G′′ in each WM tract for each experiment are plotted
in Figure 4.4 against the spatial mean values for εf‖/⊥. The CC shows the largest difference
between reconstructed G′ and G′′, 23% and 26% on average, for the two excitation experi-
ments. Both G′ and G′′ are greater in LR excitation experiments, which corresponds to a
greater εf‖/⊥. The CR similarly exhibits greater G
′ and G′′ in LR excitation; although, in
contrast, there is a slight decrease in εf‖/⊥. The SLF shows no discernible difference in either
G′ or G′′, potentially due to the variability of εf‖/⊥ in both LR and AP excitations.
4.4 Discussion
The AP and LR excitations each provide distinct deformation states in the human brain, as
evidenced by both the displacement fields (Figure 4.1) and the computed RMS shear strain
fields (Figure 4.2). The unique strain fields are a necessary start for characterizing how
MRE interprets shear strain applied to anisotropic media. The discrepancies (locally over
2kPa) in reconstructed G′ and G′′ (Figure 4.3) show the inherent limitation of the isotropic
assumption used for the NLI material model when investigating anisotropic media.






















































Figure 4.4: Comparison of reconstructed isotropic material properties, G′ and G′′, with the
strain ratio of shear parallel to shear perpendicular to fibers in the fiber-tract reference
frame εf‖/⊥ (Eq. (4.6)) for (a) corpus callosum, CC, (b) corona radiata, CR, and (c)
superior longitudinal fasciculus, SLF. The numerical values of mean and standard
deviations across experimental repeats are presented in Tables 4.1, 4.2, and 4.3.
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whole brain, global WM, and individual WM regions (CC, CR, and SLF tracts) help pro-
vide initial context for the local effect of shear strain mode on the reconstructed material
properties. The differences between excitation for global G′, G′′, and shear strain (εf‖/⊥)
are < 1.5% across all repeats. The findings for global WM are similar, with non-significant
differences of < 3.5% between excitations.
Significant differences in reconstructed material properties occur in areas of the highest
local anisotropy, as well as the greatest difference in shear strain ratio. The εf‖/⊥ in the CC
differed between the two excitations by 22.3% (normalized) and both the reconstructed G′
and G′′ had over 20% normalized difference, 23% and 26%, respectively. The stark difference
in properties in the CC is not surprising, as the CC has a highly aligned, well-ordered fiber
structure [107] known to exhibit mechanical anisotropy [96, 108], and the two excitation
fields provide sufficiently different strain states expected to illuminate direction-dependent
properties in MRE. This is highlighted by Figure 4.4(a), where the CC properties show a
linear increase in both G′ and G′′ with increasing εf‖/⊥. In other words, the tissue appears
stiffer when exposed to strains in planes parallel to the dominant fiber axis. This apparent
relationship suggests that as the disparity in axonal shear components changes, the isotropic
MRE inversion effectively “sees” a different underlying material.
The relationship between excitation mode and reconstructed MRE properties is less clear
in the CR. In this case, we found a much smaller difference in shear strain ratio between
excitations (8.8%). This translated in to a small, non-significant difference in G′ (11%),
but a large, significant difference in G′′ (33%). Most interestingly, the apparent relationship
between G′ and G′′ in the CR with εf‖/⊥ (Figure 4.4(b)) is opposite from that of the CC
in that G′ and G′′ decrease with increasing εf‖/⊥. How the magnitude and the relationship
between MRE properties and strain state in the CR differs from those in the CC may be
explained by the more complex fiber structure of the CR. The CR encompasses fibers that fan
in the superior-inferior direction as they approach the cortex, and also include populations
of crossing fibers. The disparity in fiber structure has been previously used to understand
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MRE properties in the CC and CR [38], and may be underpinning the relationships reported
here.
We did not observe differences in G′ and G′′ for the SLF, even though the SLF is also
a large, well-ordered WM tract. We believe that the lack of significant differences in MRE
properties between excitation is due to the strain fields themselves not being significantly
different. The values for εf‖/⊥ in the SLF exhibited higher standard deviations across repeats,
even though the AP excitation had shown high reproducibility in other measures. This,
in turn, resulted in poorer reproducibility of G′ and G′′ measures in the SLF that likely
contributed to the lack of detectable significant difference. This suggests the strain fields
towards the periphery of the brain generated by both excitation directions are very sensitive
to the excitation mode, but that they are associated with consistent shear modes in the
deeper WM regions.
The scenario of applying unique shear modes to characterize anisotropic material is simi-
lar to applying any type of mechanical tests with forcing in different directions, and has
previously been used in MRE experiments on phantoms to characterize anisotropic ef-
fects [19–21, 109]. In these works, the shear direction is carefully controlled and applied
either along or against the known directions of material symmetry. In the brain, such con-
trol over shear direction is not feasible due to poor mechanical transmission through the
skull, and also because the material anisotropy is itself spatially varying. In this work,
we use two distinct excitation directions and achieved success in generating shear modes
sensitive to material anisotropy in two large WM tracts, the CC and the CR, and not in
another, the SLF. Future works could incorporate more excitation modes to better capture
the behavior of all WM regions in the brain and studies to identify commonalities in WM
behavior across a population.
Anisotropic MRE inversion schemes may benefit from adopting a multi-excitation ap-
proach. Previous anisotropic methods have aimed to reconstruct direction-dependent me-
chanical properties from a single deformation field through the incorporation of prior knowl-
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edge of material symmetry [22, 23, 93, 94, 97]. While the results from these methods appear
promising [74, 95, 110], they may suffer in characterizing the heterogeneous anisotropy of
the human brain if the excited shear mode is not judiciously chosen to account for material
symmetries and sensitive to the material complex properties. By incorporating multiple
excitation fields with sensitivities, anisotropic inversions may be stabilized during the re-
construction of multiple material constants. For example, two studies performed controlled
actuation on numerical phantoms [21], physical phantoms, and ex vivo tissue [20]. Both
studies are important to anisotropic MRE because they show how a three parameter in-
compressible transversely isotropic material model can capture more information than the
typical transversely isotropic model, including fiber stretch. The work in this study, in con-
trast, did not take into account the polarization of shear waves, but, as we move to higher
order models, we should be careful to consider the potential effects of fiber stretching.
Finally, it is important to consider the implications of our findings on the interpretation
of MRE results in WM tracts from traditional, single-frequency experiments. While we
report that excitation mode and the amount of shear strain parallel and perpendicular to
the plane containing the dominant fiber direction can result in significant differences in
estimated mechanical properties, we also note that results from the AP excitation alone
are very repeatable. AP excitation is the most common type of excitation used in brain
MRE, generally achieved through pneumatic actuation of a soft pillow [7, 111] or a head
rocker driven by remote electromechanical actuation [?, 38, 112]. LR excitation from a bite
bar [113–115], lateral pneumatic actuation [116], or scanner table vibration [117] is less
commonly employed. In this case, we can expect that the use of AP excitation will result in
highly repeatable measurements of WM tracts, as has been reported previously [?, 38], and
that these measurements should be considered less sensitive to the excitation mode.
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4.5 Conclusions
Material testing of animal brains has shown the mechanical anisotropy of brain tissue is sig-
nificant and the human brain is expected to exhibit similar anisotropic properties. However,
MRE methods have typically adopted an isotropic material model for considering the brain,
thus ignoring direction-dependent material properties expected to be present in WM. In this
study, we performed multi-excitation MRE experiments and observed distinct differences in
reconstructed isotropic material properties of well-ordered WM tracts due to excitation of
unique shear modes. The differences arise from the anisotropic medium being sheared in
different directions and the isotropic reconstruction “seeing” different properties depending
on whether the material is sheared in planes parallel or perpendicular to the fibers. Through
the use of both AP and LR excitations, we observed differences in reconstructed MRE prop-
erties, G′ and G′′, of up to 33% in WM tracts, while finding no difference in global properties.
These findings have implications for future experiments and methodological developments
targeting the reconstruction of anisotropic mechanical properties of WM, and may provide
additional contrast for elucidating microstructural processes of neurodegeneration.
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Chapter 5
Aging Human Brain Mechanics
5.1 Motivation
The aging process, post-development, affects human brains in a number different ways and,
unfortunately, is often associated with the onset of neurodegenerative diseases. The focus of
this work is on the changes in mechanical properties of the brain during healthy aging. MRE
has shown significant promise in its sensitivity to both changes within healthy brains and
identifying biomarkers in diseased brains. This study builds on previous MRE aging research
[?,76,78] and adds higher-resolution, full-coverage MRE imaging, and the ability to identify
tissue anisotropy, or lack thereof, utilizing the multi-excitation (ME-MRE) experimental
protocol. ME-MRE is important for capturing relative anisotropy measures, which are
known to exist in most WM regions. The regions considered in this study are corpus callosum
(CC), corona radiata (CR), and superior longitudinal fasciculus (SLF). Bayly and colleagues
have seen strongly anisotropic material properties in ex vivo and in vivo WM in animal brain
sections [118,119]. WM regions are important for understanding healthy aging in at least two
ways: (i) these are the regions where both the microinfarcts and neurodegeneration appear
with age (WM hyperintensities), so improved biomarkers will allow for differential diagnosis
and the development of baseline characteristics for early diagnosis of neuro-pathologies; (ii)
the functional organization of WM changes with age in a more protected way relative to
cortical grey matter. The long-distance connectivity decreases but the local connectivity
increases [120] and “high-performing” older adults tend to have more bilaterialization, via
CC [121].
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Previous studies using MRE have shown the mechanical properties of the healthy aging
human brain change with age [?, 78], but not all areas by the same amount [76]. DTI
literature has shown diffusion anisotropy measures tend to peak around the age of 30-35
years old and decrease with age [57–60]. This study is unique in both higher resolution,
full brain MRE imaging, necessary for regional comparisons, and capturing age related
changes in anisotropy, expected from DTI, using an isotropic material estimation via the
multi-excitation experiment [122]. During an overlapping time period, another aging study
focusing on grey matter was performed by Hiscox and colleagues using similar imaging
sequences and NLI inversion, but it did not perform the multi-excitation protocol [75]. The
Hiscox et al. study is an important reference for this work in it’s overall trends in both
standard structural (MPRAGE) information and material properties with age (NLI-MRE).
The present study focuses on white matter and on the relative anisotropy differences within
the entire cohort and across two age groups.
The multi-excitation experiment protocol allows for illumination of the tissue from dis-
tinctly different directions; however, the pad lateral to the head is designed for liver MRE,
requires extra padding, and the resulting excitation fields are sensitive to placement. All of
these factors make it more difficult to get reliable measurements for single subjects. The first
multi-excitation experiments (Chapter 4) were based on repeated imaging of a single sub-
ject knowledgeable with the MRE process, thus increasing quality of the results (i.e. proper
pad placement and OSS-SNR). If multi-excitation is used in future studies, then it will be
necessary to characterize and standardize the protocol, or even create specialized hardware,
for more robust experimental results. The ultimate goal of the ME-MRE approach is to
extract sufficient information from a single standard, AP-excitation MRE experiment for
wider applicability in clinical workflows.
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5.2 Imaging & NLI Estimation
The experiment from a previous study [122] (Chapter 4) was repeated with thirteen (13)
young and twelve (12) older adult male subjects, with acceptable results from young for AP
= 9, LR = 8, AP & LR = 7 (24-32 years old); and older subjects for AP = 7, LR = 5, AP
& LR = 4 (55-75 years old).
5.2.1 MR Imaging
The MRE displacement imaging employed a 3D multislab, multishot spiral MRE sequence
for generating 3D, full vector field complex displacement data at 50 Hz with 2× 2× 2 mm3
isotropic spatial resolution [37]. The multi-excitation experiment includes anterior-posterior
(AP) excitation MRE (applied at posterior of the head, near the occipital region of the
skull) and left-right (LR) excitation MRE (applied on right side near temple). Addition-
ally, matched field-of-view and resolution (relative to MRE) diffusion tensor imaging (DTI)
and T1-weighted MPRAGE structural image at 0.9 × 0.9 × 0.9 mm3 isotropic resolution
(TR/TI/TE = 2000/900/2.2 ms) were acquired. MPRAGE is used to register the subjects
to the MNI JHU white matter (WM) atlas for regional-level analysis [123].
5.2.2 NLI Material Property Estimation
The NLI material estimation framework, used throughout this dissertation work, was applied
for each subject and each excitation direction independently. NLI has the capability to
combine multiple displacement fields for estimation by minimizing the displacement error
across both fields; however, this is implemented primarily for multi-frequency estimations [35]
and has not shown to be a direct way to improve understanding for multi-excitation. The NLI
parameter study (Ch. 2) and convergence criteria (Ch. 3) provided specific justifications for
inversion parameters and tools for determining “goodness” of estimations. Chapter 2 guided
our understanding of parameter (in)dependence for a single subject and looks to examine the
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applicability across a larger population. Chapter 3 demonstrated two convergence criteria
that can be used to remove poor quality material property values from regional averages to
improve the quality of comparisons.
The NLI estimation was performed on the cohort for two different procedures: first, termed
“Classic” signifying parameters used in previous studies, and the second, termed “Converged
Cascade” signifying the “cascade” CG iteration structure (outlined in Table 2.3) with a
convergence criteria applied at the end. The subzone size was kept at the previous size for
both cases, side-length of 0.84Ls (“standard” size) from Ch. 2, because it is expected to
minimally affect estimations and allowed for running NLI to much higher global iterations
(Ng = 400) than larger subzones would permit. For convergence criteria, the “normalized
percent variation” convergence threshold (Eq. 3.2) was used on the last ten (10) iterations
with a value of %threshold = 5%. Comparisons between the two cases will be shown for all of
the results for a clear comparison of potential benefits from the changes.
5.3 Analysis
5.3.1 Strain in DTI-frame
The measured displacement for the two excitations (AP and LR) were used to compute the
strain fields inside the subject and transformed into the local DTI-frame, as presented in
Section 4.2.4. The analysis is repeated in this study as an extension beyond the single-
subject study and as the initial examination of the hypothesis that increasing age decreases
mechanical WM anisotropy.
5.3.2 in vivo Simple Shear
Using the DTI information and the MR measured displacement fields, assuming the tensors
indicate dominant macroscale behavior, it is straight forward to identify voxels consisting of
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nearly independent shear either in axial or transverse orientations. These voxels represent
regions where the strain is as close to the benchtop experiments one would ideally want to
perform to characterize an anisotropic medium. As a way to understand the disparity in the
applied strain field, and subsequently observed in the estimated moduli, the relative shear










where εSS is the pre-defined threshold for identifying these cases of simple shear. A thresh-
old of εSS = 5 seems both a reasonable disparity and provided a useful sample of voxels.
Identifying simple shear at a voxel level affords the opportunity to observe two phenomena:
waveguiding and material property bounds. The waveguide effect within well-ordered fiber
bundles is well known [22, 23] and multi-excitation experiments can indicate if this effect
occurs regardless of excitation or only in particular excitation cases. Additionally, isotropic
reconstructions of an anisotropic tissue experiencing only a specific simple shear condition
are expected to provide bounds for the axial and transverse shear moduli of the anisotropic
material, given axial or transverse simple shear conditions, respectively.
5.3.3 Analytical Solution for Transversely Isotropic Material
The 1D simple shear wave equation analysis in Section 2.1.1 was used to help explain how
domain size, and by extension subzone-size, affected NLI estimations (Chapter 2). The
analytical solutions is reused here to help understand how NLI handles the anisotropic
tissue as heterogeneously isotropic material by creating a transversely isotropic analytical
displacement solution. The solution is created by defining material properties in two orthog-
onal shear planes and computing the relative contribution of the two displacement fields
based on the angle of applied shear. The angle of applied shear starts along the “softer”
moduli (G = 2 + i1 [kPa]) for θ = 0 and rotated until only applied to “stiffer” moduli
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CC CR SLF
∆FA -0.59 -0.17 -0.30
∆RD 0.3 -0.08 −1.0∗∗
Table 5.1: Summary of the average changes with age for DTI metrics: FA and RD. All
values are average relative changes per year. Fractional anisotropy (FA): [10−3] and radial
diffusivity (RD): [10−3mm2/s].
(G = 3 + i1.5 [kPa]) for θ = 90. The plane parallel and opposite to the applied shear is kept
“fixed” (~u = ~0), similar to a linear shear rheometer. The domain is a cubic with 1[mm3]
resolution and amplitude of applied displacement of u0 = 5×10−4. The displacement field is
used as the input to NLI, analogous to “measured” MRI displacement, and a single-subzone
estimation is performed. The goal is to observe the large scale estimation of the anisotropic
tissue in NLI towards gaining a better understanding of estimations of anisotropic tissues in
vivo. The reported values are averages across the domain with CG iteration and angle (θ).
Further details, the “shear-free” case, and example elastograms are show in Appendix A.
5.4 Results & Discussion
5.4.1 Aging Trends in DTI and MRE Metrics
The aging literature has been dominated by DTI-focused studies of WM tissue structure
[57–60,121]. The goal with this study is to build on previous literature, by finding common
trends in DTI and observe MRE trends within the same regions. The small cohort here
indicates good agreement with the established DTI literature, see Table 5.1 and Figure 5.1.
Specifically, the average decrease in FA for CC and increase for RD in CC match quite
well with Davis et al. [57]: ∆FACC ≈ (0.04− 0.05) and ∆RDCC ≈ 0.05 [10−3mm2/s]. The
DTI statistics were from across the set of subjects with a suitable MRE experiment, either
AP- or LR-excitation. From the perspective of MRE, it is important to both find common














































Figure 5.1: Regional white matter (WM) averages of DTI measures, fractional anisotropy
(FA) and radial diffusivity (RD), typically most sensitive to aging changes in the human
brain. RDSLF is the only significant group-wise difference (** = p < 0.05). Size of points
indicates relative number of points used in the statistic.
more sensitive to aging.
Overall, normal aging is a diffuse process which alters the brain, globally and within
WM and GM regions, leading to a decrease in storage modulus (G′) and an increase in loss
modulus (G′′), as observed in the elastograms in Figure 5.2. For standard AP-excitation NLI
estimations, G′ shows an overall slight decrease with age for the selected white matter (WM)
regions (CC, CR, and SLF), see Figure 5.3. Additionally, G′′ shows little change with age for
CC and CR but increases for SLF. The average change in properties with age for “Classic”
NLI-MRE are summarized in Table 5.2. The rates of decrease are lower than previously
reported for other brain regions ( [78] = -7.5 Pa/year and [76] = -11 Pa/year), but it is likely
caused by the split in a “stiff” and “soft” group within the young subjects, see Figure 5.3.
The only study reporting G′′ values shows a decrease with age [?]. The LR-excitation, in
contrast, is more sensitive to changes with age than AP-excitation. The average changes are
significant for G′ and µstiff . There seems to be more subject variation, young and old, for
G′ than G′′ for all of the regions. G′ decreases with age for all three regions, but it decreases
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(a) “Classic”
(b) “Cascade” (no convergence criteria applied)
Figure 5.2: Example material property reconstructions of a young and old subject for both
AP and LR excitations and both NLI estimations. It is easy to see the young subject,
overall, has higher G′ and G′′, and qualitatively, the AP and LR maps are most different at





AP -2.2 -1.1 -1.2
LR −23∗∗ −23∗ −19∗∗
∆G′′ [Pa]
AP -1.2 0.18 3.5
LR -5.8 -7.3 -4.1
∆ξ [10−3]
AP -0.14 0.47 3.0∗
LR 2.3 2.6 3.0
∆µstiff [Pa]
AP -2.7 -0.47 -0.56
LR −23∗∗ −24∗ −18∗
Table 5.2: “Classic”: Summary of the average changes with age for G′, G′′, ξ, and µstiff .
All values are from linear regressions of the entire cohort. For G′, G′′, and µstiff , the LR
excitation appears to be more sensitive to changes with age and a paired t-test shows
significant differences between age groups (* = p < 0.10 and ** = p < 0.05).
slower than other MRE aging studies. G′′ shows nearly no change with age in CC and CR
but increases for SLF. G′′ is a less reported value and only one study shows a whole-brain
decrease with age. Figures 5.3 and 5.4 show the full data for AP-excitations, both “Classic”
and “Converged Cascade” for the selected WM regions. Similarly, the full LR-excitation
data are shown in Figures 5.5 and 5.6.
The “Converged Cascade” NLI-MRE estimations have both higher contrast in elastograms
(Figure 5.3b) and average material property trends are more sensitive to age, as summa-
rized in Table 5.3. Additionally, the average damping ratio (ξ) for LR-excitation with age
becomes significant across all three WM regions (CC, CR, and SLF). This is an important
finding because the goal of the NLI parameter study (Chapter 2) and defining convergence
criteria (Chapter 3) was to potentially improve significance of results or find significance not
previously observed. Whether or not this is a “more true” representation of the tissue is an





































































































Figure 5.3: Regional white matter (WM) averages for the standard AP excitation
experiments: (a) “Classic” and (b) “Converged Cascade.” Neither G′ nor G′′ are able to
significantly separate with age. Size of points indicates relative number of points used in


































































































Figure 5.4: WM regional averages for two derived material parameters, damping ratio ξ
(Eq. (1.13)) and shear stiffness µstiff (Eq. (1.12)), for LR experiments: (a) “Classic” and
(b) “Converged Cascade.” The damping ratio is the most sensitive (within the selected
regions) to age differences in the SLF. “Converged Cascade” has similar effect on sensitivity
as individual moduli. Size of points indicates relative number of points used in the statistic,













































































































Figure 5.5: Regional white matter (WM) averages for the LR excitation experiments: (a)
“Classic” and (b) “Converged Cascade.” The shear modulus (G′) is significantly correlated
with age in all three WM regions and “Converged Cascade” improved statistical
significance in CR. Size of points indicates relative number of points used in the statistic,
where “Classic” are scaled down by 2 relative to “Converged Cascade.” (* = p < 0.10 and









































































































Figure 5.6: WM regional averages for two derived material parameters, damping ratio ξ
(Eq. (1.13)) and shear stiffness µstiff (Eq. (1.12)), for LR experiments: (a) “Classic” and
(b) “Converged Cascade.” These measures tend to be more sensitive than GLR individually
and their AP-excitation counterparts. “Converged Cascade” either keeps or improves
statistical significance. Size of points indicates relative number of points used in the
statistic, where “Classic” are scaled down by 2 relative to “Converged Cascade.” (* =




AP -7.5 -7.1 -11
LR −28∗∗ −26∗∗ −26∗∗
∆G′′ [Pa]
AP -3.8 0.76 0.64
LR -3.1 -2.6 -2.4
∆ξ [10−3]
AP -0.63 2.0 3.4∗
LR 4.5∗ 5.1∗∗ 5.3∗∗
∆µstiff [Pa]
AP -9.0 -5.1 -8.5
LR −25∗∗ −23∗ −23∗
Table 5.3: “Converged Cascade”: Summary of the average changes with age for G′, G′′, ξ,
and µstiff . All values are from linear regressions of the entire cohort. Three of the four
measures show statistically significant differences in all three WM regions for the LR
excitation (* = p < 0.10 and ** = p < 0.05)
5.4.2 Measuring Level of Anisotropy with Age
The question proposed in the first multi-excitation experiment (ME-MRE, Chapter 4) and
this study is “how does the wave propagation direction influence the isotropic material
estimations in vivo?” The added benefit from the previous study was ME-MRE’s capability
to reveal excitation-dependent properties in certain WM regions, which presumably reflect
material anisotropy. The difference in material property estimates from the AP and LR









where the strains are in the DTI-based fiber reference frame ({}f ) [122]. In Figure 5.7,
significantly different DTI-strain ratios, for the two excitations, in CC for the young group
and in CR for the old group were observed, based on a two-sided t-test. In other words,
Figure 5.7 shows, within the CC, there is a general trend of increased levels of anisotropic
strain (DTI-Strain ratio) as well as increased effects of anisotropy on material values (G′ and
G′′ increase with strain ratio) within the younger subjects. For Classical NLI-MRE (Figure
5.7a), there were group-level differences in the properties from AP and LR for G′′ in CC
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and CR for the young only. For Converged Cascade (Figure 5.7b), the old group gained
significance in CC for G′ (p < 0.1) and G′′ (p < 0.05) and in CR for G′′ (p < 0.1). The
young group kept the significant differences found in Classic NLI-MRE.
As a way to understand the effect of aging on shear wave propagation, and by extension
strain, the ratio of DTI-strain ratios with age are shown in Figure 5.8. Moving from left to
right in Figure 5.8, there is a general trend of increasing influence of excitation direction with
age. This suggests the average strain state experienced by the tissue becomes more dependent
on excitation direction and less affected by waveguiding phenomenon. In the extreme case,
waveguiding effects would completely dominate the observed strain field, making it invariant
with excitation (i.e. ratio of unity in Figure 5.8). Moving away from a unity ratio shows
the average dependence on excitation direction and a decrease in the polarization of the
wave vector relative to tissue anisotropy. This has the effect of increasing the variation
of any one MRE experiment given an isotropic material model but provides a potentially
more material dependent strain state for anisotropic inversions. This could cause a problem
with anisotropic inversions where there is only enough strain along one of the anisotropic
shear planes and the other is missed. The rigorous study by Tweten et al. [89] showed the
necessity for sufficient illumination in all material property directions for accurate and robust
estimations. Additionally, where waveguiding is the strongest in CC, there is a significant
difference between age groups (p < 0.05).
Largest Disparities via in vivo Simple Shear
The previous section described the overall average relative shear and material property
disparity across the entire tissue. The averages are relevant because average values are re-
ported for ROIs in subjects for comparisons within and across groups; however, the variation
in isotropic material property values obtained from largely varying anisotropic strain fields
is problematic. Ideally when characterizing a generic anisotropic tissue, one would imple-











































































Figure 5.7: A compilation shear moduli averages from AP and LR excitation experiments
relative to the voxel-wise strain asymmetry, a repeat of Figure 4.4 from original
multi-excitation study. Distinct strain ratios are observed in the young group for CC and
for the old group in CR, similar to the single subject. For the “Classical” estimation, the
loss modulus (G′′) in the CC and CR were significantly different in the young group. The
older group did achieve statistical significance in CC (G′ and G′′) and G′′ for CR for the



























Figure 5.8: Voxel-wise ratio of ε‖/⊥ ratio for the two excitations, AP and LR, with age.
ε‖/⊥ is a measure of strain anisotropy within a voxel containing well-aligned axons, and
comparing between distinct excitations attempts to measure whether the strain state is
invariant to strain source (unity). Interestingly, the ratio of ratios about 1.5 or greater,
never less than unity. The trends for young to old in CC and CR are away from unity. Size
of points indicates relative number of points used in the statistic. (** = p < 0.05)
anisotropic axes. For MRE, it is difficult to obtain this level of control in a phantom or
even within ex vivo tissue [18, 20, 118] and impossible in vivo. The next best case scenario
for in vivo is having as distinctly different excitation as possible (i.e. multi-excitation) and
selectively identifying areas where the shear state is predominantly along the transverse or
perpendicular axes. A simple threshold of relative shear in the DTI-frame, Eq. (5.1), allows
for a selection of such voxels for such comparisons.
The isotropic estimates of a well known anisotropic material correlates well with the corre-
sponding simple shear strain states. The range of differences in parallel versus perpendicular
shear moduli are up to about 1.3× for G′ and nearly 1.5× for G′′, see Figure 5.9. These
relative ratios are consistent with previous studies [18, 101, 118, 124, 125]. The relationship
is most distinct and coherent for the most structurally well-ordered tissue of the CC and
CR, compared with the SLF. SLF is both expected to be uniform throughout the ROI in
terms of structure, based on DTI measures, and overall size. The simple shear ratios for both
damping ratio (ξ) and shear stiffness (µstiff ) tend to be near unity for most WM regions and
with age, see Figure 5.10. Even for cases with statistical significance, one of the age groups
has a group mean near unity. The number of points used in each calculation is displayed in
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the percent of the WM region of the plots and the ratio of parallel (N‖) to perpendicular
(N⊥) are summarized in Figure 5.11. Although the relatively small sample size experiences
either of the simple shear cases, the trends are relatively consistent with more well-controlled
studies. As noted in the last section from the study by Tweten et al. [89], simple shear cases
will be problematic for estimating multiple material properties where there is insufficient
strain information. There seems to be no difference for simple shear statistics between age
groups, including material properties and number of voxels experiencing simple shear. The
commonality shared across both WM regions and age is always relatively more parallel than
perpendicular simple shear. This is another important observation when looking forward to
incorporating an anisotropic model into the NLI estimation framework.
Analytical Transversely Isotropic Model Tissue
The previous section identified cases where the shear was nearly along one shear plane in
order to find potential property bounds within the anisotropic tissue. The ratio of the
parallel to perpendicular moduli was about 1.3 − 1.5, consistent with the literature. It is
unlikely these are the true ratio of properties given the sampling within the region, lack of
control on strain, and model-data mismatch within NLI. The open question is around how
NLI estimates a purely transversely isotropic material given an exact displacement solution.
Five cases of applying shear to the transversely isotropic material along five angles (θ) relative
to the two different moduli, described in Section 5.3.3, and using the heterogeneous, isotropic
NLI to estimate the material properties are summarized in Figure 5.12. The shear moduli
estimated by NLI (Figure 5.12a) underestimate the cases where the input displacement field
is for strictly one of the moduli. The likely cause for this discrepancy is NLI assumes nearly
incompressible and analytical solution is perfectly incompressible. For the middle three
angles, NLI estimates an average property value that one would expect from an isotropic
material model, an average of the two moduli. The damping ratio (ξ) is an interesting




































































































Figure 5.9: Shear moduli and computed material property ratios for simple shear with age.
(a) Significant differences with age for G′‖/G
′
⊥ in CR (p < 0.05) and G
′′
SLF (p < 0.10); (b)
significantly different only in G′′‖/G
′′
⊥ CC. Size of points indicates relative number of points























































































Figure 5.10: Simple shear ratios for two derived material parameters, damping ratio ξ (Eq.
(1.13)) and shear stiffness µstiff (Eq. (1.12)), for LR and AP experiments: (a) “Classic”
and (b) “Converged Cascade.” (a) Significant differences with age for µ‖/µ⊥CR (p < 0.1);
(b) significantly different in µ‖/µ⊥ for CC (p < 0.1) and CR (p < 0.05). Size of points
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age
(b) “Converged Cascade”
Figure 5.11: The percentage of voxels within a WM region for voxel-level parallel and
perpendicular simple shear with age and the ratio of parallel to perpendicular. Parallel
simple shear always out numbers perpendicular shear for all subjects in these three WM
regions.
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damping ratio throughout the material. NLI does not directly estimate damping ratio but the
resultant moduli ratio always gives a value within 5% of the exact value. This could be partial
evidence of the reason why damping ratio has proven to be the most sensitive measure across
nearly all of the recent NLI-MRE studies applied to a range of populations [13–16,40,41,75].
5.5 Conclusions
The previous single subject multi-excitation experiment was successfully implemented in
a larger cohort and at least part of the results were replicated in the young group (i.e.
G′′ differences in CC and CR). Utilizing the DTI structural information outside of the
heterogeneous, isotropic inversion allowed for capturing significant anisotropy in the young
group and a decrease in anisotropy in the older group. The young group does have an unusual
split in the average storage moduli (G′) for all three WM regions of interest. The DTI metrics
do not seem to show a similar split in the young subjects but rather a larger overall variance
in group-level statistics. Additionally, implementing the understanding of NLI parameters
in Chapter 2 and incorporating a new convergence criteria from Chapter 3 generally kept or
improved statistical significance of results. Ultimately, this study furthers three important
areas underlying all of brain MRE: implementing improved parameters and quality metrics
into NLI, characterizing the underlying changes with age, and further characterization of
anisotropic tissue properties within WM regions.
Future work will look to expand the number of subjects acquired, capture physiological and
behavioral measures, and implement an anisotropic material model. A larger cohort will not
only help improve the statistical power but capture a wider sample of the normal variation
across the age span and within age groups. The goal is to improve our understanding of
human brain material properties such that MRE is capable of quantifying the actual “brain
age” instead of relying solely on chronological age [126]. Defining a “material property age”
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Figure 5.12: Transversely isotropic analytical solution as the “measured” displacement field
for a single subzone inversion. The actuation is applied to the “softer” shear moduli
(G = 2 + i1 [kPa]) for θ = 0 and rotated until only applied to “stiffer” moduli
(G = 3 + i1.5 [kPa]) for θ = 90, fixed (~u = ~0) opposite the applied shear. (a) G′ and G′′
are estimated for entire domain (averages reported); (b) summarizes the average computed
material properties. NLI under estimates both G′ and G′′ but is within about 5% for ξ.
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established in the medical and psychology fields. This is not to suggest the goal is to replace
cost-effective blood tests with expensive MRIs but rather provide a more comprehensive
understanding of the brain to aid in differential diagnosis given a patient specific “normal”
properties when diagnosing neurological diseases. As noted in the introduction, anecdotal
evidence of subject reported education level and occupation for older adults was varied from
no formal education to through advanced degrees (all passed the IRB approved minimum
cognitive ability). There is established evidence of structurally different organization in
“high-performing” older adults and a way to discern this difference from a material property
perspective would aid understanding of structure-function relationships [121]. The evidence
suggests “high-performing” adults have more bilateral characteristics than young, as well as
“low-performing” adults, resulting in stronger connections between hemispheres through the
corpus callosum and are potentially mechanically stiffer. Although there were no cognitive or
physiological measures captured in this study, acquiring more quantitative information about
subjects will improve specific and general differences of subject and group statistics. Finally,
there were discernible differences across the cohort of subjects, regardless of age, for the most
disparate material properties for the “simple shear” voxels. The strong correlation with the
DTI-frame strain state suggest two things with regards to the need for an anisotropic model:
the voxel-level properties are significantly different and capturing more material information
will increase understanding while decreasing estimation variance.
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Chapter 6
Summary of Contributions and
Future Directions of MRE
6.1 Advancing the Field of MR Elastography
The most recent review of MR Elastography applied to the human brain states the two
most important areas for development: improving the resolution of techniques (imaging and
material estimation) and further investigation “into the biological basis of stiffness and the
mechanisms underlying stiffness changes” [127]. The work in this dissertation made impor-
tant progress into both areas through characterization of material estimation parameters
(NLI Parameter Study), defining quality metrics for material estimations (convergence cri-
teria), improvements in experimental design (multi-excitation), and observed the diffuse and
specific mechanics of aging on the human brain. Specifically, and in regards to Aim 1, the
NLI parameter study tested a number of assumptions central to the NLI estimation frame-
work and provided mechanics-based explanations and solutions. Previously, the octahedral
shear strain signal-to-noise ratio (OSS-SNR) was an important contribution for defining a
quality measure for the input (MR displacement) into NLI, and this work proposed two con-
vergence criteria for providing a quality metric for the output (material property statistics).
In regards to Aim 2, the multi-excitation experiment (ME-MRE) provided a new way to
“test” in vivo tissue of the human brain which is inherently difficult to access and control.
ME-MRE was performed on a larger cohort of young and old adults to assess the effects of
aging on the human brain, specifically WM regions. The developments in NLI parameter
selection and convergence criteria were compared with the “Classic” version of NLI-MRE. In
many cases, the new approach to NLI-MRE improved the statistical significance of results
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and, in a few cases, provided significance where there previously was none.
Mechanicians are always looking for innovative ways to characterize materials and under-
stand the limits of their analysis (i.e. isotropic NLI of anisotropic tissue). The combined
application of these three areas culminated in advancing our understanding of the complex,
yet delicate, tissue governing human life, the brain. Tools developed and applied to the
aging brain study afforded researchers new ways to interrogate the domain and improved
statistical power of the results. As with all important areas of scientific research, but specif-
ically related to MRE, there are many more questions to ask, and answer, about both areas
investigated here and phenomenon at multiple scales: length scales above and below a voxel
and timescales from real-time function to longitudinal studies.
6.2 Current and Future Opportunities for MRE
6.2.1 Further Development of Nonlinear Inversion
A major theme underlying the work in this dissertation is the errors from model-data mis-
match. Two of the top opportunities, not just NLI, for better understanding of specific
and diffuse processes would benefit most from more accurate material models, specifically:
anisotropic models [22,74,96,119,128] and multi-frequency [35,129].
Anisotropic Model The next major and most important step in the development of
NLI-MRE is the implementation of an anisotropic model. The work here has shown both
it’s necessity for reducing variance in property measures and capturing missed biomarkers
from more accurately characterizing the inherent anisotropic material properties of white
matter. Given the flexibility of the NLI framework, an orthotropic material model will be
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and DTI vectors will reduce the complexity of the estimation by transforming it into a locally
transversely isotropic material model:
C =

C11 C12 C13 0 0 0
C12 C22 C13 0 0 0
C13 C13 C33 0 0 0
0 0 0 C44 0 0
0 0 0 0 C44 0
0 0 0 0 0 (C11 − C22)/2

(6.2)
This transformation reduces the number of planes/axes of symmetry from three in the or-
thotropic model to just one for the transversely isotropic model. This is important from an
estimation perspective because it reduces the unknown material constants from nine (9) to
five (5). The validity of this model will be tested against simulated fields (e.g. analytical solu-
tions, Appendix A) [17,89], ex vivo [20,119,130], animal models [131], and in vivo [22,74]. An
interesting area for cross-validation may come from not using DTI to influence the material
model (i.e. general orthotropy) and see if it can estimate properties with similar dominate
orientations to DTI (i.e. transverse isotropy). The DTI community would benefit from the
quasi-validation of tissue properties mimicking structure, and NLI could show it’s framework
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can estimate a large range of scales. Ultimately, an anisotropic material model will increase
specificity and decrease biases from model-data mismatch.
Multi-Frequency Biological tissues behave mostly like viscoelastic materials which are
inherently frequency dependent; however, the majority of NLI-MRE studies are performed
and analyzed at a single frequency (50 [Hz]). There has been some initial development of
multi-frequency NLI [35], but larger studies need to properly characterize the way one would
for benchtop rheometry. The open question for multi-frequency MRE is identifying the most
accurate model for frequency-dependent behavior. A common model for linear viscoelastic
tissues is the power-law model, relating constant damped parameters to frequency, defined
as
µR(ω) = ΘR0ω
αR and µI(ω) = ΘI0ω
αI (6.3)
where ΘR0 and ΘI0 are the elastic and viscous damped parameters, respectively, and αR and
αI are the storage and loss moduli exponents [12,35]. The practical limitations of imaging a
single subject would not lend itself well to clinical practice, but it would instead be important
for both “improving resolution” of MRE and enabling more complete studies of stiffness as
a biomarker for tissues. Once a tissue is well characterized, the results and understanding
can influence the experiments at a single frequency by ensuring any frequency dependence
would be less than other experimental and systematic errors.
6.2.2 Clinical Translational MRE
MRE has become an important imaging tool for hepatologists assessing the severity of com-
mon liver diseases due to it’s quantitative, robust, repeatable, and non-invasive characteris-
tics [132]. At this time, MRE has not found a clinical role outside of the liver, but it has the
potential for applications in a number of areas including: hydrocephalus [8, 64], cancerous
brain tumors [?, 9, 133, 134], multiple sclerosis (MS) [135], Alzheimer’s disease, traumatic
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brain injury (TBI) [136,137], and pituitary macroadenomas [138].
Animal Models for Disease Animal models are an ideal way to observe and even induce
diseases similar to those experienced in the human body. For example, Jugé et al. induced
hydrocephalus in a small group of rats and, with the aid of a high-field MRI scanner, were
able to observe changes in microstructure and stiffness using MRE [139]. High-field MRI
scanners enable higher resolution which affords MRE researchers closer access to the cellular
mechanisms elucidating stiffness changes [140, 141]. Another important case is introducing
glioblastomas into mouse brains because it is the most common primary brain tumor and
provides an ideal case for developing anisotropic material estimation models [131]. This is
useful for anisotropic models because the growth of cancerous tissue can be anisotropic and
the displacement of healthy brain tissue, both GM and WM, alters isotropic and anisotropic
properties differently. Finally, animals can be surrogates for the growth and integration of
engineered tissues where MRE can non-invasively measure properties of in vitro growth and
in vivo regeneration identically [141]. This is important specifically for tissue-engineering
and regenerative medicine (TERM), because regenerative organs have struggled to move
from basic science into clinical translational research and, ultimately, clinical practice [142].
For all animal models of interest, there is the additional benefit of ex vivo mechanical testing
and histology not available in human subjects [118,143].
Clinical Populations Techniques in improving the specificity and sensitivity in animal
models will greatly aid and accelerate the application of MRE in clinical translational studies.
The application of OSS-SNR to the MRE displacement alone has allowed neurosurgeons to
assess the adherence of cancerous tumors for pre-operative planning [88,144]. MRE material
estimations can then characterize the softness or, conversely, stiffness of the tumor itself
for further pre-operative planning [?, 9, 133, 134]. Beyond large-scale tissue diseases, MRE
also has the sensitivity at much smaller length scales and stiffness variations. NLI-MRE
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specifically has already proven its sensitivity in subcortical grey matter structures across
normal populations, diseases, and interventions [13–16, 38–41]. This sensitivity will prove
invaluable for assessing both focal and diffuse stiffness biomarkers for a range of diseases
with the ultimate goal of identifying the earliest possible stages of disease.
6.3 Conclusions
MRE is proven as a clinically relevant imaging modality in detecting direct tissue changes
in the liver secondary to disease pathology. The work in this dissertation has contributed
to increasing the sensitivity of brain MRE when it is applied to probe pervasive changes in
brain mechanical properties, such as those occurring with healthy aging. With these ad-
vances and additional studies connecting biology to stiffness, MRE is poised to make the
connection from microscopic changes to organ-level dysfunction leading to better clinical
outcomes. Specific to white matter tissue, healthy and diseased, continued research into
anisotropic material models will improve the ability to distinguish neurons from their sup-
porting cellular components. These developments will transform MRE from a technique
used in the homogeneous tissue of the liver into an advanced imaging modality capable of




A.1 Analytical Wave Solutions
An analytical comparison is ideal because the solution is a subset of the governing equation
used for experimental estimates, thus removing any three-dimensionality of finite domains.
Okamoto et al. [145] used a solution generated by Berry [146] for analytical comparisons
with shear rheometry experiments. The one-dimensional (1D) solution (only dependent in
one direction) is assumed to be separable and harmonic:
ũ(x, y, z, t) = u∗(x, y, z)eiωt = ueiωt (A.1)
where the amplitude u∗ is complex (magnitude and phase). The full three-dimensional (3D)
governing equation is Navier’s equation, Eq. (1.2):
∇ · (µ(∇u +∇uT )) +∇(λ∇ · u) = −ρω2u.
where u is the 3D displacement field, λ and µ are Lamé’s properties, and ρ is the density
(assumed constant). To obtain the simplest solution in 1D, the domain is assumed to be
isotropic and divergence free thus reducing Eq. (1.2) to the Helmholtz equation:
d2ux
dz2





General solutions to Eq. (A.1) are defined in the family of solutions given by
ux(z) = A1 cos(kz) + A2 sin(kz) (A.3)
where A1 and A2 are solved for based on particular boundary conditions (BCs). The BCs

























where u0 and uh are defined at the boundary faces and h is the length of domain in the
z-direction. The analytical solution is used both for variations of the solution itself and for
defining BCs in the finite element forward calculation (FWD) used in the nonlinear inversion
(NLI), defined in section 2.1.3 and compared with the analytical solution. The simple shear
numerical studies will help understand the effect of the domain decomposition (“subzoning”)



























































































Figure A.1: Twenty of the smallest randomized subdomains used in each case (1 at top, 5


























































































Figure A.2: A simple shear experiment is constructed inside the NLI framework for the
finite element forward solution for a set of shear moduli values and compared with the 1D
solution. The displacement is for the center of the domain, perpendicular to applied shear,
and does not show any finite-domain effects.















Sub-domained FWD - single (yz0) shear












Sub-domained FWD - single (yz0) shear
Figure A.3: Analytical simple shear, on the xy-face of a homogeneous isotropic analytical
solution is used as the boundary condition for a isotropic NLI finite element forward
solution. The FWD solution was then subdomain decomposed to test the effect of size of










































































Figure A.4: For constant domain size from Figure 2.7, the linear regression was computed
for G)subd < G0 (left) and Gsubd > G0 (right; negative for comparison). For small
subdomains, the error is relatively insensitive to inaccuracies. For Gsubd < G0, the cost
function is more sensitive to inaccuracies in G′′ than G′, and the converse is true for
Gsubd > G0.
A.2 Transversely Isotropic
Since the 1D solution is a exact solution to the governing equations and any linear combina-
tions of exact solutions are valid, Eq. (A.3) can be defined along two independent planes of
shear for two different moduli resulting in a transversely isotropic (TI) analytical solution.
An analytical TI solution provides an easy way to directly understand how the isotropic,
but heterogeneous, NLI framework reconciles the wave field of a transversely isotropic mate-
rial. This is an important simple model for understanding the behavior in highly-anisotropic
regions of the human brain, like the corpus callosum (CC).
Using estimations for in vivo moduli in regions like CC and their respective ratio of
properties (ξ), the two moduli for this study were G = 2 + i1 kPa and G = 3 + i1.5 kPa,
(ξ = 0.25 for both) on a domain of size 31 × 31 × 31 mm, with 1 mm3 resolution. The
two experimental cases are where the plane parallel and opposite to the applied shear is
either free (Eq. A.5) or fixed (Eq. A.6). The excitation, u0 = 0.5 mm, is applied along
five separate angles rotating from only applied to the softer moduli, θ = 0◦, to the stiffer
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moduli θ = 90◦. The results are summarized in Figure 5.12 for fixed case and Figure A.5
for free case. Additionally, the full isotropic reconstructed elastograms of the domain for
the fixed case are shown in Figures A.6 for θ = 0 and A.7 for θ = 45. The θ = 45 case
shows the effects of two distinct moduli sheared equally in the structure of the estimated
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Figure A.5: Transversely isotropic analytical solution as the “measured” displacement field
for a single subzone inversion. The actuation is applied to the lower shear moduli
(G = 2 + i1 kPa) for θ = 0 and rotated until only applied to stiffer moduli




Figure A.6: For the fixed shear case from Figure 5.12 and θ = 0, the full reconstructed




Figure A.7: For the fixed shear case from Figure 5.12 and θ = 45, the full reconstructed
elastograms using the isotropic model in NLI: (a) G′ and (b) G′′.
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